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Theoretical and computational chemistry (TCC) is a set of theories and models that, over the
years, were refined to the point that it is possible to determine measurable quantities with precision,
predict experimental results, and provide fundamental insights into chemical phenomena and
mechanisms that may be difficult or impossible to observe experimentally. Machine Learning (ML),
on the other hand, is a subfield of Artificial Intelligence (Al) that applies different types of statistical
methods to a large volume of data or a smaller volume of precise data, combined with high
computational power, enabling the discovery of complex patterns and production of explanations
inaccessible through human deductive reasoning and intuition alone or using traditional scientific
methods. Recently, ML, combined or not with TCC methods, has emerged as a transformative
force, bringing significant advances in chemistry and materials science. This review surveys
basic ML concepts and their applications in chemistry, focusing on supervised and unsupervised
learning approaches, data preprocessing, and model development workflows, exploring the most
relevant ML algorithms selected for their specific usefulness in chemical applications. Integrating
ML with traditional computational chemistry methods, such as density functional theory, is
highlighted as a powerful synergy for accelerating materials discovery and design. Key areas of
impact discussed include High-Throughput Virtual Screening (HTVS) of molecules and materials,
spectroscopy (including UV-Vis and fluorescence), organic electronics (such as solar cells and
organic light-emitting diodes), potential energy surfaces, and molecular dynamics. It also addresses
critical aspects of ML in chemistry, including data representation, model interpretability through
explainability techniques, and the emerging role of large language models (LLM). Tips for acquiring
knowledge of ML for practical applications in chemistry are given.

Keywords: machine learning in chemistry, artificial intelligence, theoretical and computational
chemistry, data interpretability/explainability, molecules and materials discovery and design

1. Introduction

Machine Learning (ML) algorithms applied to various
chemical and materials science problems sparked a
scientific and technological revolution, which allows
addressing fundamental questions and developing
new applications as never before."’® ML, a subfield of
Artificial Intelligence (AI), belongs to the so-called
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fourth paradigm of science - data-driven discovery and
scientific research, which emerged after the first three
paradigms: experimental, theoretical (physical laws and
theories such as quantum mechanics and thermodynamics),
and computational, which include density functional
theory (DFT) and molecular dynamics (MD).""* These
three paradigms are also called the three pillars of science.?!
The interplay between them is the modern foundation of the
scientific method and has dramatically accelerated scientific
and technological progress. In theoretical chemistry
and materials science, with the advent of electronic
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digital computers a few decades ago, the computational
implementation (third) of theoretical models (second) has
enabled the simulation and rationalization of complex
real-world phenomena, with DFT and MD being good
examples. The fourth paradigm has also contributed to
advancing the first three paradigms, recognized as the
experimental, theoretical, and computational branches in
nearly all scientific domains. The latest paradigm includes
ML, statistical learning, data mining, pattern, and anomaly
detection, among other approaches.®? The amount of
data produced by experiments and simulations forms the
foundation of the fourth paradigm, which unifies the first
three paradigms of science."

For millennia, materials development relied on
serendipity and the empirical correlation of processing and
properties.® New molecules have also been created through
this approach. Examples of this strategy include vulcanized
rubber, Teflon, anesthesia, and penicillin. However, the
rising costs associated with developing and producing
various types of materials and synthesizing special
molecules (e.g., energetic materials, whose synthesis
can also be hazardous), combined with the massive
number of chemically feasible materials and molecules,
render traditional approaches inefficient. Approximately
10* synthetic materials are in use today, representing
a minuscule fraction of the 10% potential chemically
meaningful combinations. These possible combinations
of chemical composition, structure, and experimental
conditions that result in stable forms of matter constitute
the chemical compound space (CCS) or, simply, chemical
space (CS).2+%

Nowadays, the discovery of new materials or molecules,
especially more complex ones, requires a new approach.
In recent decades, innovations have emerged from modern
materials computational design techniques based on DFT
and earlier theories, like statistical thermodynamics. More
recently, modern data science and ML tools developed for
increasingly complex problems have become an attractive
alternative for rationalizing and developing new materials
and molecules.®7*?2273! Tt is a fact that we are just at the
beginning of research on new materials and molecules in all
their complexity.” Consequently, ML techniques, combined
with the greater efficiency of computational power at
decreasing costs, suggest that this approach has significant
potential to produce scientific and applied advancements
at lower costs and in reduced time. Good textbooks on ML
applications to chemistry already exist.*** New scientific
journals in the field (Digital Discovery, published by the
RSC, and Artificial Intelligence - Chemistry, published by
Elsevier, are two very recent examples), whose editors-
in-chief are renowned researchers in this area, were just
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released. Virtual editions of ML applications in chemistry
are increasingly frequent in scientific journals, as is editorial
guidance on desired contributions.* Furthermore, several
events, such as conferences and symposiums, even those not
primarily focused on Al, now dedicate sessions and topics
of interest specifically to ML applications, highlighting the
growing interdisciplinary relevance of the field.

The current impact of ML in other fields of knowledge
and society is well known. Technological applications
include web searches, translation, natural language
processing, autonomous vehicles, medical diagnostics,
social media analysis, and robotics.*® A recent example of
significant importance is predicting the genetic evolution of
viruses with the potential to cause the next pandemic, which
could enhance vaccine resilience.’” For similar reasons,
training new generations of researchers proficient in the
most modern data science and ML techniques should be
included in the essential toolkit of chemists and material
scientists.

The success of theoretical and computational chemistry
in determining and predicting measurable quantities with
great accuracy and rationalizing experimental results
today is indisputable.***? DFT, in particular, has played an
essential role in chemistry and materials science due to its
relatively high predictive power, applicability, versatility,
and computational efficiency. In the area of ML and big
data, using quantum chemical electronic structure models,*
especially DFT,* is particularly important for generating
theoretical data and designing model architectures of
an ML model.*** A pioneering example is the Harvard
Clean Energy Project, developed to find organic photonic
materials with high efficiencies based on frontier orbital
energy data.®* Similar projects exist in many other areas
of chemistry, such as catalysis.*"*

All properties of organic molecules, whether physical,
chemical, biological, or technological, depend on their
chemical structure and vary systematically. Establishing
quantitative correlations between molecular properties and
chemical structure is of great social importance, as it can
mitigate or resolve various environmental, medicinal, and
technological issues. These correlations are expressed as
quantitative structure-property relationships (QSPR).*-!

A major goal of QSPR studies is to determine a
mathematical relationship between the property of
interest and one or more descriptive parameters, known
as descriptors, derived from the structure of the molecule.
The basic strategy is to obtain an optimized quantitative
relationship to predict the properties of compounds,
including those that cannot be measured. Thus, the QSPR
approach has provided insights into how molecular
structure influences properties and has significantly enabled
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the development of structures with desired properties in a
reverse process.

QSPR descriptors can be empirical, derived from
quantum chemical calculations, or classical chemical
knowledge. Classical organic physical chemistry has
long been concerned with correlating chemical properties
and structure. Hammett and Taft>>>7 pioneered linear free
energy relationships (LFERs) that produced important
insights into the mechanisms of organic reactions with
different substituents. Hammett’s theory quantifies the
electron-accepting or donating power of substituents
attached to aromatic rings using sigma constants, which are
dimensionless numbers - two of the present authors recently
published a systematic set of different types of these
constants for dozens of substituents determined using ML
techniques.” This work was featured in Chemical World, an
RSC publication, in July 2023.%® Aspuru-Guzik et al.,'” from
the leading group in ML applied to Chemistry and Materials
Science, recognize it as “able to leverage DFT and ML to
successfully machine learning Hammett parameters.”!’

In short, the great relevance of Hammett’s linear
equation is that it allows the evaluation of the effect of
electronic interactions that substituents exert on the reactive
center. This effect modifies the relative energies between
reactants and products, thus affecting the equilibrium
position (thermodynamics). The equation also allows for
an analysis of the same electronic effects in the transition
state of the rate-determining step (slow step), which affects
the reaction rate (kinetics).>

Distinct and successful applications of the original
Hammett theory abound and have significantly extended
the original concept. Among them, one can cite the
use of nuclear magnetic resonance (NMR) signals to
examine electronic effects within organic molecules®
and CH-n interactions;®"* photophysical properties in
solvents;* hydrogen bonding between solute and solvent
of para-substituted benzoic acids;* 1,3-dimethyl-4,5-
disubstituted imidazolylidene XNHC (X = H, Me, Cl)
ligands in CdSe quantum dots;* photophysical properties
of 2-phenylamino-1,10-phenanthrolines synthesized with
different substituents;®® characterization of differences
in catalytic activity of Au nanoparticles;*” metal-organic
frameworks (MOFs)® and non-covalent interactions.®
ML applications to these topics, e.g., MOFs or the similar
COFs (covalent organic frameworks), are beginning
to appear.” In our case, in 2023, we used Hammett’s
theory and ML-derived constants to study optoelectronic
properties and effects of intramolecular charge transfer of
substituted diketopyrrolopyrrole (DPP)"! and p-nitroaniline
derivatives with potential applications in organic electronic
devices. Previously, without using Hammett’s theory, our
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group studied various families of nitroaromatic molecules,
which are components of explosives, to investigate their
sensitivity to impact, which we reviewed in a recent book
chapter.” In 2023, our group employed ML models to
investigate the sensitivity of nitroaromatic explosives to
understand the molecular origin of this property,”* and
our group have been working on computing the properties
of fluids in the liquid, gaseous, and supercritical phases
using ML.7>76

In the case of the development and rationalization
of molecules and materials, it is possible to extend the
QSPR concept to include the steps of processing and
performance evaluation (Figure 1).2°2377 In the diagram in
Figure 1, deductive scientific cause-and-effect relationships
(or correlations) flow from left to right (forward model).
Inductive engineering relationships flow in the opposite
direction (inverse model). The aforementioned ML work
on nitroaromatic explosives is an example of the direct
approach.”

Materials informatics can generate “inverse models” for optimization and design, e.g.
Maximize a property while maintaining structural constraints

< Engineering relationships of goals and means \
o (¢ ) o~ _ |
o o— | — |
—_ | — .\\“
o | | |
Processing Structure Property \\Performance
[ Science relationships of cause and effect >

Materials informatics can generate “forward models” for predictive analytics, e.g.
Property = f(Processing, Composition, Structure)

Figure 1. The relationships of processing-structure-property-performance
in molecular and materials sciences and engineering, and how theoretical-
computational approaches can help decipher such relationships through
direct and inverse models.

Each relationship from left to right is many-to-one;
thus, those from the right are one-to-many. Therefore,
many processing routes can produce the same material or
molecular structure, and multiple structures can reach the
same property. Each result from a computational simulation
or an experimental observation can be considered a data
point or example for a direct model. A set of data points
(which forms a database) can be used in an ML approach
to develop direct models much more rapidly than the time
required for an experiment or simulation. This acceleration
of direct models can not only guide future simulations
or experiments but also allow for the implementation of
inverse models, which are much more challenging and
critical for discovering and designing molecules and
materials. In contrast, since inverse relationships are
one-to-many, a good inverse model should be able to
identify multiple optimal solutions, if they exist, to have
the flexibility to select the easiest and cheapest obtainable
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molecular or material structure.? In short, inverse designs
(or approaches) start from desirable properties and end in
a subset of the chemical space, unlike the direct approach
that explores the chemical space to yield properties.”

The systematic way of selecting promising molecules
or materials using ML techniques is known as High-
Throughput Virtual Screening (HTVS). This approach
originated in the pharmaceutical industry for drug
discovery.®”’7® Chemicals or materials are subject to
simulations, whether generated on the fly or obtained
from databases, to estimate specific properties for a
given application. Candidates failing computational tests
are rejected, assuming that the predicted performance
corresponds to the experimental performance with high
probability. Therefore, the HTVS approach reduces the
vast candidate space to a manageable set of promising
molecules or materials. It is important to highlight that
HTVS in large chemical spaces is an inverse molecular
design approach. Instead of directly designing structures,
the designed computational tests evaluate the candidate
space, leading to final hits based on the predicted
properties.>””” Consequently, the current HTVS approach
is a powerful accelerator, as computational simulations are
significantly cheaper than experiments. Combined with
this approach, DFT’s increasing accuracy and efficiency
have transformed materials science and chemical sciences.
Aside from the computational cost, the main appeal of
HTVS is the ability to “customize” functional parameters
to reproduce experiments, which significantly increases
DFT’s predictive power.>”’

The area of ML applications to chemical compounds and
materials is, in a certain sense, an offshoot of or related to
cheminformatics. This field centers on QSAR relationships
to predict the properties of compounds, especially for
developing new drugs. Thus, cheminformatics collects,
stores, analyzes, and manipulates chemical data.”%0

Therefore, modern ML applications in chemistry are
the latest stage of the quest to systematically characterize,
identify, rationalize, and produce molecular compounds,
materials, or fluid mixtures with optimal properties for
potential applications.

2. Basic Concepts of Machine Learning

ML provides a fundamentally new way to explore the
chemical compound space, uncovering correlations and
cause-effect relationships that are otherwise inaccessible.
This approach can be defined as using data-driven,
automatically improvable computational algorithms
without explicitly programming for specific tasks; ML is
directly related to statistical learning.”
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In the field of ML, there are two major classes of
problems: supervised and unsupervised learning.”*?>3¢ In
unsupervised learning, the goal is to identify underlying
structures to achieve a higher level of understanding. In
other words, it seeks latent structures that help represent
the known dataset X, commonly referred to as attributes or
features (input feature space). In this case, raw data lack
labels, meaning that no known output data exists. When
the dataset X is finite, the learning process is known as
clustering, in which the algorithm groups the data into a
certain number of clusters based on the similarity of their
properties. Unsupervised problems are not as rigorously
defined as supervised problems because they may have
multiple correct answers, depending on the model used.*
For instance, our group employed the unsupervised ML
algorithm MeanShift®' to determine optimal substituents
from the relationship between our Hammett constants and
the exciton binding energy of substituted DPPs.”!

Supervised, or predictive, learning, in turn, aims to
learn the function f(X) that maps the inputs X to the
target attributes using a labeled dataset (x;, y,) € (X, (X)),
known as the training set. If the output y, produced by
the algorithm is a finite categorical set (e.g., whether a
molecule is fluorescent or not), the problem is known as
classification. Otherwise, if the outputs are continuous
scalar values (y; € R), the problem is called regression,
and the algorithm will predict output values for unknown
instances as we have done.’”’ Another recent example
from our group has been the prediction of the most intense
electronic absorption transition for organic molecules and
different solvents.®?

A typical regression analysis reconstructs the function
that passes through a set of known points with minimal
error. Regression analysis in ML, however, aims to identify
functions that predict interpolations between data points,
thus minimizing prediction error for new data points.*
In an ML regression approach, calculations (e.g., DFT)
or experiments are conducted on a representative dataset
to train the ML model to predict the remaining unseen
compounds.* Many ML models are expected to interpolate
among unseen compounds better than extrapolate, but a
measure of chemical similarity or dissimilarity should be
available for evaluation.

A hybrid approach that combines supervised and
unsupervised classes is semi-supervised learning, which
employs labeled and unlabeled data to enhance model
performance. This approach is especially convenient when
labeled data are scarce or costly, yet a substantial volume
of unlabeled data is accessible. The labeled data support
learning specific patterns, while the unlabeled data discover
latent structures within the feature space, promoting
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improved generalization and scalability. A recent study®*
has demonstrated the utility of semi-supervised learning
in developing soft sensors for (bio-)chemical process
control, improving predictions with limited-quality data.
Additionally, in the field of multivariate calibration in
spectroscopy, this approach reduces prediction bias when
there is a large volume of unlabeled data and limited labeled
data, as evidenced by simulations using near-infrared
reflectance spectra.

Among other ML methods relevant to chemistry and
materials, reinforcement learning addresses problems
by combining supervised and unsupervised learning.
Reinforcement learning generally involves defining an
agent within an environment that learns by receiving
feedback in the form of penalties and rewards* without
providing any input/output pairs.®?* For example, an
unfolded protein (state) undergoes geometric modifications
(actions) to approach its folded structure (future reward).®
This approach can be used for molecular design without
requiring a representative set of reference structures
beforehand.” In chemistry, reinforcement learning is
increasingly used to find molecules with desired properties
in large chemical spaces.”’” A recent application of this
technique was employed to optimize transition states and
minimum energy pathways.* Another study demonstrates
the use of reinforced learning for optimizing molecular
geometries, reaching significant reductions in the
optimization steps.’” Two recent reviews provide an in-depth
look at the growing role of reinforced learning in chemistry:
one explores applications in molecule generation, geometry
optimization, and retrosynthetic pathway search,*® while
the other offers an accessible summary of reinforcement
learning theory and its applications in sequential decision-
making tasks in chemistry.®

An ML problem or project, broadly speaking, is divided
into four stages, also known in the area as a workflow:
(7) problem definition, (if) data collection, (iii) representation
modeling, and (iv) algorithm selection and training.5%%%!
Step (i) begins with feature selection, identifying properties
that should reflect the key physicochemical processes
of the phenomenon. For instance, in the case of organic
photovoltaics, the fundamental photophysical processes
involve the absorption of electromagnetic radiation by the
donor molecule (D) in the ground state (S,), followed by
the formation of a singlet exciton (S,), its transfer to the
donor-acceptor (D/A) interface, and generation of a charge-
separated state (CS); often, the exciton may fail to produce
the CS state due to radiative or non-radiative recombination
to the ground state.”” In step (i) of the workflow, the type
of ML approach (supervised, unsupervised, reinforcement
learning, among others) is chosen, thus formalizing the
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problem within an ML framework. The remaining steps
(ii)-(iv) are discussed below.

The quality and scale of the data play an essential
role in developing high-performance ML models.'9%
For instance, when we employ small datasets produced
by computational chemistry,’*® their high quality will
be determined by the accuracy of the theoretical and
computational techniques, as we have done.’’’ In
contrast to pre-existing databases (static datasets), an
iterative process for ML model development and database
generation (dynamic datasets) can be employed to identify
missing data and refine the model.”® Even with a small
amount of data points, careful curation is essential as this
is a prerequisite for obtaining accurate results, a principle
already well recognized by the Quantitative Structure-
Activity Relationship (QSAR) and cheminformatics
community.” We can also use widely available databases
designed for applications in chemistry and materials.
These may be based on quantum chemistry (e.g., DFT
and Time Dependent Density Functional Theory (TDDFT)
calculations) or experimental results, and their number and
quality continue to grow,'** as do screening processes for
them.”® While it is not possible to cite all of them, it can
be mentioned some relevant databases based on quantum
chemical data, such as the TDDFT/CC2 vertical spectra
of small organic molecules,” Harvard’s DFT and TDDFT
dataset for organic photovoltaics,'® the experimental
NIST database for thermophysical properties'®’ and the
Cambridge Structural Database with crystal structures of
small organic and organometallic molecules.'” Prominent
examples of solid-state property datasets include the
Materials Project,'®® AFLOW,!% the Materials Cloud,'®
the Open Quantum Materials Database,!* and NOMAD.!"”
Similarly, a series of computational molecular databases
have been developed, focusing on small organic molecules
within the GDB-17 universe, initially created for drug
discovery, which contains 166.4 billion molecules.'® From
GDB-17, several QM (quantum mechanical) databases
based on quantum chemical calculations have been
developed. The QM9 database, with ground-state properties
of over 100,000 molecules, was a pioneering achievement
in this field.'®!"° The QM7-X includes 42 physicochemical
properties for about 4.2 million equilibrium and non-
equilibrium structures of small organic molecules with up
to 7 atoms (C, N, O, S, Cl), excluding H.""" Other molecular
databases have been expanded to include conformers
and non-equilibrium configurations,''!'"? static dipole
polarizability,' ionized states,''* and radicals,''” to name a
few. New databases of interest to the chemical community
keep coming out,''*!"7 as well as methods of dealing with
them.?®11° In 2025, the QCML dataset containing quantum
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chemistry reference data from 33.5M DFT and 14.7B
semi-empirical calculations appeared.''® However, the
indispensable necessity of ML modeling for extensive and
accurate datasets has some important issues, especially
for Large Language Models (LLMs) like GPT, which is
behind ChatGPT.'"

Data for an ML model can come from heterogeneous
sources, be of different types, contain unknown dependencies
and internal inconsistencies, have missing or unreliable
parts, and may pose privacy issues, among others.*
Therefore, careful data preprocessing is essential before
executing ML algorithms, which include advanced data
visualization,'?® discretization, sampling, normalization,
type conversion, and feature selection techniques.!?!122

Using the usual 3D representation of a molecule,
e.g., Cartesian coordinates of all atoms, step (iii) of
the ML workflow, is only sometimes the most efficient
representation for an ML model. A more direct and
appropriate representation can save computational
resources in pattern learning and yield more accurate
ML model performance.”’"'?*> An ideal molecular
representation should be unique, invariant under
symmetries (permutational, rotational, reflective, and
translational), efficient to obtain, and capable of capturing
the associated physics. The molecular representation
problem remains an open research challenge: there are
many, and none has proven universally effective for
all properties.””!** Typical examples are the simplified
molecular-input entry system (SMILES) strings, a
1D text format with its grammar syntax'? that can
be easily converted into 2D graphs for graph-based
investigations, molecular fingerprints,'?® and Coulomb
matrix representation based on the electrostatic forces
between the charges of each atom.'”” SMILES strings can
be used to determine fingerprints or calculate molecular
properties (descriptors for an ML model) with open
platforms such as RDKit"?® or ChemAxon.'?”” Figure 2
illustrates some of the possible molecular representations.

To illustrate the typical workflow of an ML project,
especially step (iv), let us consider a supervised learning
problem (the most common) for predicting molecular
properties.® The dataset contains molecules in a given
representation (features) and their corresponding properties
(labels). First, the dataset is split into three parts: training,
validation, and testing. The model (algorithm) is trained
(optimization of the coefficients or weights) on the training
dataset. When only training and testing sets are used, k-fold
cross-validation techniques are commonly applied, where
the dataset is randomly divided into k parts, with k — 1
parts used to train the algorithm and the remaining part for
testing, and this process is repeated k times with different
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3D coordinates 2D graphs

10,0, T',..., 1, T, 0]
Fingerprints

Molecular
Representations

Coulomb Matrix

C1=CC(=CC=C1(N))[N+](=0)[0-]
Smiles

Bag of Bonds

Figure 2. Possible molecular representations for ML models.'

test set partitions. Cross-validation is a standard evaluation
method to eliminate any chance of model overfitting, which
occurs when an algorithm accurately predicts the training
data but fails to generalize to unseen test data.

The hyperparameters (preset parameters of the
algorithm, as opposed to those learned during training)
represent the choice of features, training set, and model
architecture (algorithm) and impact the performance
of the model. These hyperparameters are optimized by
maximizing the predictive accuracy of the model for the
validation set, and the final model (trained algorithm) can
be used to predict the properties of molecules not included
in the training set (‘“unlabeled molecules”). The workflow
of a complete ML project is illustrated in Figure 3, and
the resulting knowledge can be represented as QSPR
relationships, which may be invertible, facilitating the
discovery and design of molecules and materials.

Once the data have been preprocessed, they are
ready for ML modeling. At this stage, careful attention
must be given to the separation and validation of the
different subsets of the data. Suppose the target attribute
is numerical (e.g., a transition energy). In that case,
regression algorithms can be used for predictive modeling.
In contrast, classification techniques are suitable for
categorical data (e.g., whether a compound is metallic or
not).” For a detailed tutorial on using neural networks for
regressions, see the literature.'?°

Sometimes, training just one ML algorithm may not
be enough to get superior results, as these algorithms can
have inherent limitations depending on the characteristics
and complexity of the data. While individual algorithms
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Figure 3. Workflow for supervised learning of molecular properties. A known (labeled) dataset is used to optimize the algorithm and subsequently used
to estimate the molecular properties of an unknown (unlabeled) dataset. The Test Split, also known as the “Holdout Split”, refers to the portion of data

in the test set.®

may perform well in certain aspects, they often struggle
with particular patterns or noise within data. Even when
algorithms exhibit similar overall performance, they might
specialize in different regions of the datasets, meaning that
they might be complementary if combined.

Ensemble, or Committee learning, combines multiple
models to make more accurate and robust predictions than a
single model.'?! These models can be either combined with
entirely different algorithms (heterogeneous approach) or
from variations of the same algorithm applied in different
ways (homogeneous). One of the simplest yet effective
ensemble methods is using a voting strategy, where
different classifiers are trained independently, and their
predictions are combined through a majority or weighted
vote. This method helps mitigate the bias of any single
model, ensuring that the final prediction is less likely to
be influenced by the weaknesses of individual classifiers.

In addition to simple voting mechanisms, more
sophisticated ensemble techniques exist that focus on
improving model performance iteratively. For instance, one
popular approach is boosting, where the same algorithm is
trained multiple times, each time focusing on the areas where
the previous model performed poorly, such as instances with
higher training errors."®' This iterative process allows the
model to progressively learn from its mistakes and improve
its performance, particularly on the more challenging parts
of the dataset. Similarly, bagging, or bootstrap aggregation
methods like Random Forests train multiple instances of the
same algorithm on different subsets of the dataset and then
aggregate their predictions, which reduces variance and helps
prevent overfitting. To sum up, while bagging techniques
combine multiple models trained on different subsets of data,
boosting trains the model sequentially concentrating on the
errors made by the previous model.

J. Braz. Chem. Soc. 2025, 36, 8, e-20250082

By combining the strengths of different models
or different iterations of the same model, ensemble
learning techniques significantly enhance the final trained
performance of the model.

Table 1 illustrates some popular ML algorithms in
chemistry and materials science.

In the Supplementary Information section, it is provided
a more detailed description of the most important ML
algorithms for applications in chemistry and materials
science. Error metrics for evaluating the performance of
the algorithms and explainability in each case are also
presented and discussed.

An area of artificial intelligence that has recently begun
to show relevant applications in chemistry and materials
science is that of LLMs.!">5!"16! Despite this promising
start, the potential and scope of results from LLMs do not
yet compare to those obtained with other ML methods.'®
Prompt engineering, as old as chatbots, is a key discipline
for effectively using tools like ChatGPT. As Al becomes
increasingly pervasive, it will emerge as a unique and
indispensable skill across numerous professions.!®* In
the case of this helpful tool for several different tasks,
in particular, proprietary aspects of its engineering pose
challenges for scientific research (e.g., what datasets were
used for its training?).

The explainability or interpretability of results obtained
with ML algorithms, known as Explainable Artificial
Intelligence (XAI),'*1¢" is fundamental for the utility of this
approach in chemistry. The concept of XAl is that ML models
are not limited to numerical predictions or classifications but
also employ techniques to identify patterns, correlations, and
cause-effect relationships in the results. Various possible
approaches exist to identify the correlations in the numerical
predictions and classifications. 6316
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Table 1. Some popular machine learning algorithms,'?"'?2 especially in chemistry and materials science

Modeling technique Capability Short description

I Bayes'3!3 classification probabilistic classifier based on Bayes’ theorem

Logistic regression'3* regression fits the data to a logistic curve with sigmoidal S shape

Linear regression'® regression least-squares fit of the data with respect to the input features
MeanShift®! classification locates arbitrarily shaped regions with uniform density in data sampling
Artificial Neural Networks'* both uses hidden layer(s) of neurons to connect inputs and outputs
Support Vector Machines'*'1% both builds a feature Spa;::ni; rir;lalllttil(;i:gir;:iszzirziqsiesiplanes based on the
Decision table'” both builds rules involving different combinations of attributes

Alternating decision tree'*’ classification

a tree with alternating prediction and decision knots in which an instance
goes through every applicable path

Logistic model tree'*! classification a classification tree with logistic regression functions on the leaves
Random Tree both uses a subset of randomly chosen attributes
. builds a tree by information gain/variance and prunes it through error
Reduced error pruning tree'*? both y n g . P &
reduction to avoid overfitting
- 21143 a decision tree that on each knot divides the data into classes based on its
Decision tree regressor'"'% both N . . .
features to find non-linear relationships
. . . a boosting® algorithm in which each stage of the model uses gradient
Gradient Boosting'* committee & 450  Stag g
descent optimization to reduce the residual errors from the previous stage
. in contrast with gradient boosting, each iteration optimizes the weights
AdaBoost'* committee £ . & . bp &
associated with each instance
e . builds many models from resampled subsets of the training to improve the
Bagging committee . . -
stability of the model through variance reduction
. systematically builds multiple trees by the pseudo-random selection of
Random subspace'¥’ committee Y y P ythep
features subsets
Random Forest'** committee a set of multiple random trees
. selects and regularizes variables to increase prediction accuracy and
LASSO™ regression J . o P Y
interpretability
combines the LASSO method with the LARS algorithm that finds the
LASSO LARS IC (LLIC)'® regression aspect of the input features that provides the best match with the target

feature

“Boosting sequentially trains multiple weak learners (base learners) to produce a strong learning algorithm. *An instance in ML is an example within the
training set, described by a certain number of attributes (features). “Techniques to calibrate ML models aim to minimize a predefined loss function to

prevent overfitting and underfitting in predictions.*

One of them is SHAP (Shapley Additive exPlanations)
plots, derived from game theory,'%®!¥° which have been used
to provide explanations in several molecular prediction
models.*7* Our group used SHAP plots to demonstrate
how specific molecular properties contributed to increasing
or decreasing its sensitivity depending on the impact
sensitivity of a certain nitroaromatic explosive.™

Many of the tools exemplified in Table 1 have their way
of evaluating the inputs used during training by providing
tools to evaluate the weights of each algorithm input or the
degree of importance for the generated ML model.

3. Representative Literature on Machine
Learning

ML techniques are particularly well-suited for

8 of 20

accurately recognizing and quantifying non-linear
relationships, especially in inferring decision rules or
categorizing complex patterns based on data. These tasks
are highly challenging, even for researchers with great
scientific intuition.’ However, it is essential to emphasize
that a critical requirement in ML projects is combining
expertise and (physical-) chemical intuition since an ML
model will hardly automate this process.’

Disruptive advances in materials and molecules can
emerge from unexpected regions of the chemical space
and outliers present in the datasets used in ML models.””!'>
Moreover, it is challenging to train ML algorithms to study
materials and molecules, as the data is generally sparse and
noisy, which is problematic in this research area.*>7>!" One
possibility to address this problem is to develop and curate
databases of physicochemical properties determined by
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quantum chemical methods and molecular dynamics (MD),
combined with experimental data.

The theoretical study of excited states of molecules is
essential for rationalizing and complementing experiments
and elucidating many fundamental processes in nature,
such as photosynthesis and human vision.!”” Experimental
spectroscopic techniques (e.g., UV-Vis spectroscopy) do
not directly describe the exact mechanisms of photoinduced
reactions, making theoretical studies especially valuable.
However, calculating excited states is highly complex
and costly, often requiring specialized knowledge.'”® Our
group recently showed how ML can address the problem of
computing excited states in absorption®? and fluorescence
spectra,'” and discuss these examples in detail in section 4.

Functional materials are capable of performing
multiple functions due to their specific properties.
They can exist naturally or be artificial. In the case of
photoconductive conjugated organic polymers, there
are several important applications in electronic devices
and sensor technology. Optoelectronics applications of
particular interest are organic solar cells (OSCs), sensors,
and organic light-emitting diodes (OLEDSs).'3"!8! The most
active areas in organic photovoltaics (OPVs) research are
designing more efficient materials for the active layer'®?
and investigating the underlying mechanisms.'®* Our
group have made some contributions to the study of the
electronic properties of these materials through quantum
chemical calculations, with particular emphasis on charge
transfer processes and states, an important property in
such devices,”!#187 a5 well as a phenomenon of intrinsic
interest in different areas of chemistry, physics, medicine,
and engineering.

There is a wide range of ML applications to
photoconductive conjugated polymers for organic
electronics, particularly in predicting the power conversion
efficiencies (PCEs) of organic solar cells (OSCs).!38-191
Greenstein and Hutchison'?? developed models that
combine semiempirical methods, ML, a dataset of 84
donor-acceptor pairs, and 47 property descriptors to
determine PCEs, short-circuit current (J.), and open-circuit
voltage (V) for non-fullerene acceptors starting from
molecules with PCEs > 9%. The result was a linear equation
involving some of these descriptors that makes good PCE
predictions, with the largest contribution coming from the
transition energy with the highest oscillator strength of the
first donor transitions. Sun et al.'” prepared a dataset with
1719 donor materials from the literature to build QSPR
models for OSCs. Using ML, specifically the Random
Forest technique, they obtained accurate predictions of
PCEs measured in OSCs. Sahu et al.”* used different ML
algorithms on a dataset of 280 OPV molecules, quantum
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chemical calculations, and 13 descriptors to predict PCEs
of new D (donor)/A (acceptor) molecules for OSCs.
Munshi et al.'> used a deep neural network (DNN) based
transfer learning model to generate SMILES fingerprints
of candidate polymers for OPV devices, validated with
calculations of other properties such as PCE. This approach
allowed in a second stage to work with a relatively small
dataset (ca. 1400 conjugated polymers) to generate new
polymer repeat units. Other authors sought to optimize
OSC PCEs by focusing on certain classes of polymers.'*
Malhotra et al.'’ used graph neural networks (GNN)
starting from 1318 D/A pairs selected by Miyake and
Saeki'®® to predict OSC PCEs successfully. The discussed
examples are just a tiny sample of the potential of ML,
combined with or without quantum chemistry, to advance
the field of OSCs.

Organic light-emitting diodes (OLEDs), especially those
based on materials subject to thermally activated delayed
fluorescence (TADF), have high performance and thus
have attracted much attention.'?®'”® These highly efficient,
inexpensive, and flexible materials are used in displays and
lighting. In TADF materials, an inversion of the ordering
of triplet (T,) and singlet (S,) states and a small energy
gap AE; (< 2.0 eV) are determinants of their efficiency.®
The classic work on TADF OLEDs combining quantum
chemistry and ML, in addition to experimental validation,
is that of Gémez-Bombarelli et al.,** who explored a
chemical space of 1.6 million molecules, screening 400k
molecules with TDDFT to arrive at a few thousand with
potential for efficient OLEDs. Furukori et al.?** performed
a virtual screening with neural networks to rapidly collect
photoluminescence decay profiles of TADF materials. Bu
and Peng®” combined TDDFT calculations and neural
networks to identify 384 promising TADF molecules from
44,470, resulting in molecules with efficiencies superior
to existing ones. Kim er al.** proposed a quantitative
score (TADF-likeness) to evaluate the TADF potential of
molecules using a data-driven chemical similarity concept
with known TADF molecules using neural networks and the
k-means clustering method to divide the datasets.

Fluorescent probes, or chemical-fluorescent sensors, are
organic molecules emitting characteristic fluorescence in
the UV-Vis region. Since the fluorescent wavelength and
emission intensity are significantly affected by molecular
interactions, fluorescent probes can detect molecules in the
environment and biomolecules with high sensitivity.”® In
the field of luminescent sensors, including fluorescent ones,
ML, as in organic photovoltaics (OPVs), has a significant
impact - see the references in Mousavizadegan et al.?*

In the area of electronic structure, ML approaches can
be used to develop composite methods, similar to the G,
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family,”” as done by Cameron et al.**® and Holm et al.*”
with neural networks. Using the A-learning approach, ML
techniques can be employed to fit the difference between
a lower-level calculation and a more expensive high-level
calculation. An interesting A-learning approach started
from DFT energies to obtain CCSD(T) gold-standard
energies.?!%!! Another application of ML approaches is
the construction of potential energy surfaces for dynamical
studies. In this case, neural networks,?'? kernel ridge,?'*
or Gaussian process regressions®'* typically replace the
classical least-squares fits with physically motivated
analytical functions with significant data efficiency,
accuracy gains, and greater applicability.?’® Another
advantage of ML methods over classical potential energy
surface fitting is that the ML methods can simultaneously
fit the surface and enforce the symmetries of the system,
and perform transformations such as diabatization
conveniently and automatically, allowing faster dynamical
calculations.?'®2!® Advances in the field of photochemistry/
excited states of molecular systems already include the
existence of datasets calculated with multireference
methods, with most applications based on neural networks,
particularly the prediction and analysis of spectra, the
determination of excited state properties, assistance in
choosing active spaces for multireference methods, and
Highest Occupied Molecular Orbital (HOMO)-Lowest
Unoccupied Molecular Orbital (LUMO) gap predictions,
as discussed in recent reviews.!”7:*1°

Thermophysical properties (thermodynamic and transport
properties) of simple fluids and mixtures near the critical point
and in the supercritical region are fundamental problems that
are still not fully understood and have critical applications
in different industries. For instance, the conditions of the
Brazilian pre-salt petroleum are supercritical, which poses
different challenges to extraction and separation. Pre-salt
petroleum is naturally multiphasic and composed of mixtures
of different fluids under supercritical thermodynamic
conditions at high pressures and temperatures, making
simulation or even semiempirical equations of state a great
challenge. Obtaining and rationalizing the Pressure-Volume-
Temperature (PVT) diagram of single- and multicomponent
systems is thus essential. CO, (which is very present in pre-
salt wells) and natural gas composed of methane (CH,) with
contents above 70% are followed by significantly smaller
proportions of ethane (C,Hy) and propane (C;Hj) - the
proportion of the mixture depends on the geological region.
Therefore, studying simple fluids and their mixtures is of
special scientific and practical relevance, as experimental
and theoretical data on the thermophysical properties of
binary and ternary mixtures are very scarce.’” In the area
of supercritical fluids, ML applications are beginning to
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emerge.??!??? Representative works include that of Zhu and
Miiller,”?® who used multilayer neural networks trained with
pseudo-data generated by equations of state to determine
fluid properties such as critical temperatures and pressures,
subcritical vapor-liquid equilibrium, and supercritical
density. Zhao, Kuo, and Jin**! used a deep neural network
(DNN) to predict the diffusion coefficients of supercritical
water mixtures from molecular dynamics data. They studied
binary and ternary mixtures of H,, CH,, CO, O,, and CO,
under supercritical conditions using transfer learning: the
DNN model was trained on a larger dataset (binary mixtures)
and then applied to a smaller dataset (ternary mixtures). In
a similar but earlier approach, Liu et al.?** used the Support
Vector Regression (SVR) ML model with input data for
H,0, CO,, and H, generated by molecular dynamics and
collected from NIST to accurately determine PVT diagrams
of these fluids and their mixtures in the supercritical region
and surroundings.

Another area where ML techniques can have an impact
is in heterogeneous catalysis research. They can help
correlate catalyst performance with its physicochemical
properties by using high-throughput methods that either
rely on experimental data alone or combine it with quantum
chemistry results. A recent review of machine learning
for the experimental and computational development
of heterogeneous catalysts has just been published as a
preprint from the lead and pioneer group in applying ML

to materials science.?®

4. Machine Learning Applications in Chemistry

In this section, it is illustrated three different ML
applications developed according to the four typical steps
in the workflow presented above. In the first, the purpose
was to identify the most intense absorption peak of
organic molecules.® In the second, a general approach was
developed for dealing with the thermophysical properties
of substances in different regions of the phase diagram.”
In the third, it is explored neural networks for potential
energy surface fitting.

4.1. Machine learning prediction of the most intense peak
of the absorption spectra of organic molecules

This work aims to predict important properties of the
most intense absorption peak of organic molecules and
rationalize them. These properties include the oscillator
strengths, excitation energies, and the transition orbitals
involved in the most intense singlet valence transition (step i).

Having defined the target properties that the developed
ML models can predict, the next step, (ii), is to identify a
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suitable database that meets these requirements or create
a new one from scratch. In this case, the QM-symex
database?® provided the most suitable set of target
properties (oscillator strengths, excitation energies,
transition orbitals, and others). The next step, (iii), is to
choose a representation of the modeling. In this case,
it was used the SMILES representation to identify the
molecular descriptors (molecular properties) to be used
as input features for the model. The RDK:it tool is used to
generate the molecular descriptors;'?” it uses a SMILES
representation of a geometry of the molecule to determine
a wide range of molecular electronic and structural
descriptors. Since QM-symex stores molecular geometries
in Cartesian coordinates, each molecule must be converted
into its SMILES representation. After completing this
conversion and selecting the target properties, a dataset for
each target property is prepared to train the ML models.

In step (iv), the algorithms are selected, and their
training is performed. Given the vast array of available
ML models, the LazyPredict tool is employed using the
prepared datasets in step (iii). This tool systematically
evaluates dozens of models simultaneously to identify
the most suitable one for a given dataset. In this case,
the input features consisted of various molecular RDkit
properties, including molecular weights, the number of
aromatic rings, the number of heavy atoms, and molecular
fingerprints, among several others. The target, or output,
properties are oscillator strengths, excitation energies, and
the transition orbitals involved in the most intense singlet
valence transition.

The three top-performing models selected by LazyPredict
are evaluated using cross-validation techniques along with
systematic training, testing, and validation set partitioning.
The two data sets are also used in an artificial neural
network (ANN) model to compare the performances. The
evaluation process of the four ML models utilizes multiple
metrics, including the mean absolute error (MAE), mean
squared error (MSE), root mean squared error (RMSE),
and the coefficient of determination (R?), discussed in the
Supplementary Information section.

It was found that the predictive performance of the ML
models is comparable to computational quantum chemistry
techniques. To rationalize the results, or in other words, to
bring interpretability to the ML models, it was employed
SHAP plots!'®® since they provide valuable insights into
the contribution of each molecular descriptor to the
target properties. This analysis establishes meaningful
relationships between input features and the investigated
excited-state target properties. A similar approach was also
used for investigating fluorescence peak wavelengths and
quantum yields.'”
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4.2. Using raw thermophysical data to develop consistent
data sets

This application aims to develop ML models to
produce, from raw experimental thermophysical data, a
consistent dataset by focusing on the thermal conductivity
of methane (step 7). This approach addresses challenges
arising from variability and noise inherent in experimental
measurements carried out with different apparatuses, under
different conditions, and subject to various environmental
factors.

The second step is collecting raw thermal conductivity
data for methane from multiple experimental sources in
several papers, covering the liquid, vapor, and supercritical
phases. The choice of the input features for the ML
algorithms in step (iii) includes temperature and pressure,
while the target (output) property (variable) is the thermal
conductivity value. Given the different physical laws
governing each phase, data must be separated into three
sets, one for each phase (liquid, vapor, and supercritical).
This separation is done since the ML models struggled
to predict properties accurately when trained on datasets
encompassing multiple phases simultaneously.

Once the dataset is structured, different ML models
are trained to predict thermal conductivities for each
phase (step iv). The ML models include AdaBoost, Extra
Trees, Gradient Boosting, Random Forest, Extreme
Gradient Boosting, Support Vector Regression, and an
ANN. Hyperparameter optimization is performed using
the GridSearchCV technique with k-fold cross-validation
to enhance model performance. This process involves
constructing a grid of possible hyperparameter combinations
and evaluating each configuration based on the negative
mean squared error.

Cross-validation techniques and k-fold validation
ensure the reliability and generalizability of the models.
Once trained, the ML models are assessed by comparing
their predictions with experimental data and a reference
dataset from NIST, which presents statistically treated data.
The evaluation process employed the same error metrics
of the previous example.

Results showed that ML models can effectively handle
noisy and heterogeneous experimental data, producing
predictions consistent and comparable to the NIST-refined
values without requiring extensive preprocessing, even
without removing outliers before running the models.
Therefore, this ML-based approach offers a faster and
more cost-effective alternative to traditional data processing
methods, providing a robust solution for systematically
integrating diverse experimental datasets.
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4.3. Potential energy surface fitting using neural networks

Potential energy surfaces are the effective potential
for nuclear motion, as defined by the Born-Oppenheimer
approximation that separates the electronic and nuclear
degrees of freedom in the molecular Hamiltonian.
The availability of accurate and computationally
efficient potential energy surfaces is the bottleneck
for the investigation of chemical dynamics, especially
when using quantum dynamics*”**® or quasi-classical
trajectories.?*®?% The usual procedure to generate
potential energy surfaces involves fitting the parameters
of an adequate function to accurate electronic structure
calculations using a least-squares method,*! which
involves many different geometries. The dimensionality
of such surfaces is given by 3N — 6, in which N is the
number of atoms in the molecule. For the simplest case
of a diatomic molecule, one has a potential energy curve,
i.e., a potential energy as a function of the internuclear
separation. For these curves, many physically motivated
analytical functional forms can be used;*? however, as
the system size increases and the dimensionality of the
potential energy surface increases accordingly, more
flexible non-linear regression methods, such as neural
networks, are more advantageous than the traditional
fixed-functional form fitting. The following description
is not specific to any single use of neural networks in
potential energy surface fitting, but is representative of
many applications found in the literature.?*>%” For a full
tutorial with a sample code for potential energy surface
fitting, see the literature.'”

After defining the problem (step i), a data set is created
that covers the relevant configuration space (molecular
geometries) of the system (step ii). Typically, this involves
configurations around significant minima (intermediates),
asymptotic regions (reactants and products), transition states,
and reaction pathways. A high-level electronic structure
calculation is conducted for each molecular geometry,
producing an electronic energy, which represents the value
of the potential energy surface for that configuration. In this
example, the target properties are these energies, and the
relevant descriptors are the internal coordinates that define
the configuration or functions derived from such coordinates,
such as the distance between atoms, r;, Morse coordinates
e, or permutationally symmetrized linear combinations
of coordinates (step iii). Grid-based sampling, random
displacements, direct dynamics at basic levels of theory, or
a combination of various methods can be used to explore
the configuration space.

The next step is selecting and training the model,
which is essentially the determination of the weights and
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biases that minimize the deviation between the predicted
energies and the energies in the training set (step iv). Typical
applications have datasets on the order of 10k points and
use two hidden layers with 20 to 70 neurons on each layer,
with the hyperbolic tangent as the activation function.

The root-mean-square error of the predictions can be
used to evaluate the quality of the model. Typical values
are in the order of 10 meV (0.2 kcal mol!), which indicates
that the fitting does not introduce significant errors to
the underlying electronic structure method used for the
dataset. Besides the small fitting error, the requirements
for an accurate potential model include smoothness and
the absence of non-physical behavior, such as unphysical
holes or barriers. Furthermore, the ML model for a
potential energy surface is rarely the final goal of a given
investigation: the model is used in dynamical and/or
spectroscopy calculations whose results can be validated
against available experimental data. If a given model is
unsatisfactory, it can be improved by including additional
data in training or by modifying the hyperparameters of
the neural network.

Overall, neural networks can effectively generate high-
fidelity, low-cost (compared to the electronic structure
calculations performed to create the dataset) regression
models for multidimensional potential energy surfaces
that can accurately compute many properties, such as
scattering cross-sections, rate constants, branching ratios,
and spectra.

5. How to Start Using Machine Learning from
Scratch

One essential first recommendation for researchers
interested in incorporating ML techniques into their work
is to learn the Python programming language. While
other languages such as R, Julia, Java, and C++ are also
widely used in ML applications, Python is prominent
as the most suitable choice due to its simple syntax
and extensive ecosystem of ML and related libraries or
tools, including NumPy,?*® Pandas,* Scikit-Learn,**°
TensorFlow,**! Keras,?** and PyTorch.?*® Additionally,
Python is extensively adopted within the scientific and
technological communities, ensuring continuous support
through online forums and access to up-to-date resources.
There is also a wide availability of sources on the internet
for learning Python, and the official Python documentation
24 remains one of the most reliable sources, offering
current information and practical examples.

Furthermore, online courses provided by paid
platforms or free resources are practical for a dynamic and
structured learning experience. The questions and answers

site
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communities in the Stack Exchange Network?® also provide
important information and learning opportunities. For
people entering the ML field from physics or chemistry,
Data Science,* Cross Validated,*’ and Matter Modeling?*®
Stack Exchange sites are handy. For those who prefer
textbooks, two particularly significant works are the books
by Matthes?* and Deitel.>°

While theoretical understanding is important, we
strongly recommend learning Python through hands-on
practice. Upon mastering programming, the next step
involves delving deeper into the concepts of ML. Classical
texts such as Russel and Norvig’s book®' and Morenney?»
provide a solid theoretical foundation combined with
practical guides. For specific applications in the field of
chemistry, the books by Dral* and by Janet and Kulik® are
highly recommended. Moreover, comprehensive reviews
like the present text are very convenient. These articles
provide an up-to-date overview of the topic, synthesizing
the most recent findings. They particularly benefit those
seeking rapid and relevant information without exploring
numerous individual studies.

The field of ML is vast and fast-growing. Therefore,
any attempt to deliver a fully comprehensive and up-to-date
report, even restricting solely to applications in chemistry,
would be impossible and overwhelming to newcomers.
With that in mind, we presented the interested researcher
with a coherent path through the vast ML landscape to
allow them to appreciate some applications and hopefully
integrate this knowledge into their toolbox.

6. Concluding Remarks

The rapid progress in ML is remarkable, and its impact
extends significantly into chemistry and materials science.
This review highlights transformative potential of ML in
traditional theoretical and computational approaches. ML
offers powerful tools to address challenges associated
with high-dimensional chemical spaces, the computational
demands of quantum mechanical methods, and the intricate
interplay of molecular properties.

The integration of ML into chemistry is more than an
improvement in computational tools: it is a paradigm shift.
ML provides novel methods for exploring the chemical
space, uncovering patterns and relationships that traditional
approaches might overlook. Combining ML with quantum
chemistry calculations, particularly DFT, has proven
especially powerful for generating extensive databases,
accelerating calculations and workflows, improving
accuracy and predictive capabilities, and innovating model
architectures.

Due to its interdisciplinary nature, successful
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ML applications in chemical physics and physical
chemistry increasingly require collaboration between
chemists, physicists, and computer scientists. This
interdisciplinarity also offers multiple entry points into the
field, accommodating researchers with varying primary
backgrounds. Beyond the specifics of ML algorithms and
their details, data quality is essential to avoid the well-
known concept of “garbage in, garbage out” from computer
science. This field continues to benefit from growing
databases of computational and experimental results,
many of which are published as open access, making them
increasingly accessible to researchers at all levels.

The convergence of ML and chemistry unlocks
remarkable opportunities to address demanding scientific
and societal challenges. From advancing green chemistry
initiatives to optimizing energy storage systems and
accelerating pharmaceutical development, ML is reshaping
entire sectors of chemical research, offering novel solutions
to complex old problems.

As computational infrastructure and algorithmic
sophistication continue to evolve, ML-driven approaches
will allow the exploration of previously uncharted regions
of chemical space. Combining traditional chemical
expertise with modern data science techniques will be
essential for navigating and contributing to new chemical
discoveries and innovations while mastering these skills
will be invaluable for empowering the next generation of
researchers.

Supplementary Information

Supplementary information (a more detailed description
of the most important ML algorithms for applications in
chemistry and materials science, error metrics for evaluating
the performance of the algorithms and explainability in each
case are also presented and discussed) is available free of
charge at http://jbcs.sbq.org.br as PDF file.
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