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DOI:10.20959/wjpr202423-34783 many drug discovery applications, such as virtual screening and drug

discovery in the past decade. Various Al techniques have been used in

design. In this survey, we first give an overview on drug discovery and
discuss related applications, which can be reduced to two major tasks,

ﬁ i.e., molecular property prediction and molecule generation. We then
%’ﬁ present common data resources, molecule representations and

benchmark platforms. As a major part of the survey, Al techniques are
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dissected into model architectures and learning paradigms. The use of
data augmentation, explainable Al, and the integration of Al with
traditional experimental methods, as well as the potential advantages of
Al in pharmaceutical research, are also discussed. Overall, this review highlights the potential
of Al in drug discovery and provides insights into the challenges and opportunities for
realizing its potential in this field. To reflect the technical development of Al in drug
discovery over the years, the surveyed works are organized chronologically. We expect that
this survey provides a comprehensive review on Al in drug discovery. We also provide a
GitHub repository with a collection of papers (and codes, if applicable) as a learning
resource, which is regularly updated.
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limitations.

INTRODUCTION
Artificial intelligence (Al) is the simulation of human intelligence in machines that are
programmed to analyze and process data in a human-like manner. The term may be applied to

any machines or algorithms that exhibit traits normally associated with human behaviors such
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as pattern recognition, extrapolation, and problemsolving. The ideal characteristic of Al is its
ability to rationalize and identify solutions that have the best chance of achieving a specific
goal. Al can be categorized into different subsets such as machine learning and deep learning
(Fig. 1). Machine learning refers to computer programs that can automatically learn from and
adapt to new data and can be supervised by a teacher or unsupervised and learns
independently. One form of machine learning involves use of artificial neural networks
(ANNSs). These are statistical models directly inspired by and modeled on biological neural
networks. ANNs have unique capabilities that help to solve tasks that rote learning models
could never solve. Deep learning is a subset of machine learning enabling automatic learning
using multilayered ANNs trained on vast amounts of data. Within each layer of the neural
network, deep learning algorithms perform calculations and make predictions repeatedly,
progressively learning and progressively improving the accuracy of the outcome over time as
the size of the data increases, all without further human intervention.!! Al is integrated in our
lives in many ways, through personal assistants, computers, smartphones, smartwatches,
social media algorithms, and gaming. In 1955, John McCarthy coined the term “artificial
intelligence” to describe “the science and engineering of making intelligent machines,

especially intelligent computer programs”.[Z]

Any technique which enables computers
to mimic human behavior.

Viachine Learnin

Subset of Al techniques which use
statistical methods to enable machines
to improve with experiences,

Deep Learning
Subset of ML which make the
computation of multi-layer neural
networks feasible.

Fig. 1: Overview of the different types of technologies used to simulate human-like
learning behaviors in machines, known broadly as artificial intelligence (Al). Machine
learning is a subfield of Al in which computer algorithms process and learn from inputs
in order to improve accuracy of future predictions. These can be supervised by a
teacher or unsupervised and learnt independently. Deep learning consists of multiple
layers of artificial neural networks (ANNSs) or collections of connected nodes that can

progressively learn and improve their predictions independent of human intervention.
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Computers perform tasks that replicate human intelligence but can ultimately expand even
beyond biological Fig. 1 Overview of the different types of technologies used to simulate
human-like learning behaviors in machines, known broadly as artificial intelligence (Al).
Machine learning is a subfield of Al in which computer algorithms process and learn from
inputs in order to improve accuracy of future predictions. These can be supervised by a
teacher or unsupervised and learnt independently. Deep learning consists of multiple layers of
artificial neural networks (ANNSs) or collections of connected nodes that can progressively
learn and improve their predictions independent of human intervention 132 Sunil Thomas et
al. systems. Al programming benefits from large datasets to expand its capability to learn;
therefore, resulting in higher accuracy.® Though Al was first introduced in the 1950s, it was
only in the last decade that computer scientists aided by growth in computational power have
managed to unlock many new applications. Advantages of Al-based approaches to medicine
and health care are that Al can automatically learn to recognize intricate patterns in the input
data and create predictive models even when human understanding of the underlying

biological processes is limited.!”

Predicting the three-dimensional structures of potential target proteins, solely from their
amino acid sequence, is often necessary for drug discovery, and Al systems had a major
recent success in this, with AlphaFold2"® winning the Critical Assessment of Structure
Prediction CASP14.1°! Existing deep learning-based libraries, such as DeepChem and
DeepAffinity, and databases, including PubChem, PDB, and ChEMBL, that could help drug
discovery are discussed, along with AlphaFold2. As drug discovery applications focus on the
three-dimensional structures of molecules (proteins, DNA, RNA, and drugs/medicines) and
their interactions, the atom is the fundamental unit of these structures and can be considered
as a “machine learning datatype”. Molecular systems contain poorly described higher-level
patterns, which could be learned from their data. Interrelations among biomedical data are
attributes that could be represented in the form of graphs in the design of data-driven systems.
Graph machine learning allows modeling of unstructured multimodal datasets!” and so could
model more complex relationships between drugs and disease, protein-protein interactions,

side effects of drugs, prediction of responses to a drug and drug re-purposing.t®

When coupled with an attention mechanism, graph machine learning may identify drug
binding sites®™, highly communicating residues/atoms, and provide more interpretable

models.' A detailed discussion of molecular representation, GNNs, and their application in
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the context of drug discovery processes is presented. Experimental high-throughput
screening, combinatorial chemistry, and other technical methods have been the main choices
to create new chemical entities with specific desired features'™"! but Al applications now have
the potential to be better than a human expert.*?l The application of GNN, generative models
and RL for de novo molecule generation and optimization is presented. Simulation of bio-
molecular structures by detailed, physics-based atomic methods, such as molecular dynamics
(MD),™ is central to drug discovery and biotechnology. The 3D structures of proteins and
drugs from the Protein Data Bank (PDB) and DrugBank (or structures predicted by
AlphaFold2) can be docked for MD simulations, to investigate the stability, dynamics,
geometry, and binding efficacy of a protein-drug complex, giving a time-trajectory of atomic
movements. Deep learning or advanced data analysis methods can be applied to analyze these
trajectories of biological systems, hopefully leading to new hypotheses about the structural
changes and interactions in complex biological systems, that may answer questions about
diseases, pathways, and drug response / resistance mechanisms. Structure-based drug design,
with the application of MD simulations, for the analysis of drug response and resistance, is
discussed.™*!
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Fig. 2: Applications of Al-based methods at different stages of a drug discovery pipeline.
There are about 2700 known potential drug target proteins in the human body and
about 9600 FDA-approved small molecule drugs. Machine learning can be used to
identify the targeted protein, GNNs can be used for predicting drug-target interactions
and binding affinity, and reinforcement learning can be used to optimize the properties

of a molecule. Computer vision can determine the spatial state of the tumor

www.wiprnet | Vol 13, Issue 23,2024. |  1SO 9001: 2015 Certified Journal | 675



Dhanraj et al. World Journal of Pharmaceutical Research

microenvironment. Generative models can be employed to design new molecules,
simulation-based studies can suggest properties of protein drug complexes, such as
stability and dynamics, and NLP can be used to mine the existing scientific literature for
drug re-purposing, FDA review, and post-market analysis.

Application of data science in the drug discovery process

The emergence of epidemics and pandemics, such as influenza and COVID-191*%] and the
prevalence of severe diseases, such as cancer and heart disease, demonstrate the ongoing
need to discover new drugs. A multi-stage process (Fig. 2), requiring target identification,
validation, high throughput screening, animal studies, safety and efficacy protocols, clinical
trials, and regulatory approval, is usually followed.™ Development of a new drug takes
approximately 14.6 years and costs about US$ 2.6 billion™™" on average. Al-based methods
could be utilized at several stages in this process: identifying novel targets™™® evaluating

drug-target interactions®**®!, examining disease mechanisms®, and improving small
molecule compound design and optimization. These methods can also be used to identify and

develop prognostic bio-markers, and study drug efficacy, response, and resistance.?

Target identification in drug discovery

Target identification during drug discovery aims to identify molecules, usually proteins, that
could alter a disease state if their activity was modulated. Machine learning algorithms can
analyze various types of data, including gene expression profiles, protein-protein interaction
networks, and genomic and proteomic data, to identify potential targets that are likely to be
involved in disease pathways.”®! Of the approximately 20,000 proteins in the human
proteome, only about 3,000 have been identified as potential therapeutic targets.”**! Future
knowledge might expand our understanding of which proteins could become drug targets.
The first step in identifying a target is to establish a causal relationship between the target and
the disease.”” Causal relationships between genes and diseases can be identified using
graphs, GNNSs, or tree-based methods. A decision tree-based meta-classifier trained on a
network topology involving protein-protein, metabolic, and transcriptions interactions, and
tissue expression and subcellular localization of proteins was proposed in®?® to predict
morbidity-associated genes that are also druggable. Regulation by multiple transcription
factors (TFs), centrality in metabolic pathways, and extracellular location were identified as
key parameters from the decision tree. Machine learning-based methods classified proteins as

drug targets or non-targets for specific diseases, such as lung, pancreatic, and ovarian cancer,
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based on features such as protein-protein interaction, gene expression, DNA copy number,
and occurrence of mutations.””! The primary source of information on target association with
disease is the literature. Text mining and Natural Language Processing (NLP) approaches can
also be used to identify relevant target-disease pairs from literature and develop databases for
target identification.!”®! BeFree®!, PKDE4JE” and other deep learning-based tools®! can be
used to mine articles to identify drug—disease, gene—disease, and target—-drug associations.
Drug-target interactions may also be inferred, based on descriptor similarity to reference
ligands, in the same cell without explicitly addressing the target identity of those reference
ligands. A software tool (SPiDER)"? discretizes the input feature similarity vector onto a so-

called feature map using a neural network-inspired approach.

Virtual screening and optimization of compounds

Al can be used to virtually screen and optimize compounds, estimate their bio-activities, and
predict protein-drug interactions.**) One way Al can help in virtual screening is through the
development of predictive models, that can identify compounds with a high probability of
binding to a target protein. These models can be trained using various types of data, such as
known protein-ligand complexes, structural information, and molecular descriptors. Physico-
chemical properties of the drug, such as solubility, partition coefficient (logP), degree of
ionization, and intrinsic permeability, may have an indirect effect on a drug’s interaction with
a target receptor family and must be considered when designing a new drug.2* Al can also be
used to plan efficient routes for chemical synthesis and develop insights into the reaction
mechanisms of drugs to identify potentially unwanted interactions with other molecules.
Candidate structures of drugs are refined and modified to improve target specificity and
selectivity, and their pharmacodynamics, pharmacokinetics, and toxicological properties. A
virtual chemical space with structure and ligand information may provide profile analysis,
faster elimination of non-lead structures, and speed up the drug discovery process by
avoiding costly time-consuming laboratory work. Multi-objective optimization methods can
tune molecules in a desired direction. MD simulation and docking methods can be used to

model the orientation, stability, and dynamics of the compounds.

Pre-clinical and clinical development

Predicting possible responses to a drug is a critical step in a drug design pipeline. Similarity
or feature-based machine learning methods can be used to predict the response of a drug on
individual cells and the efficacy of a drug-target interaction by binding affinity or free energy
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of binding. Similarity methods assume that similar drugs act on similar targets!®, while
feature-based methods find individual features of drugs and targets and feed the drug-target
feature vector to the classifier. Deep learning-based methods, such as DeepConv-DTI®®! and
DeepAffinity!*”) are examples methods, where the embedding of drugs and targets are learned
using convolution and attention mechanism. Al-based techniques can assist in selecting
potential patients for pre-clinical trials by identifying relevant human-disease biomarkers and
anticipating potential toxic or unnecessary side effects®® and by filtering a high dimensional
set of clinical variables to select a cohort of patients. Al can also help in predicting the
outcome of clinical trials well ahead of the actual trial minimizing the chance of any harmful
effect on patients.™”

FDA approval and post-market analysis

Natural Language Processing (NLP) can be used to mine scientific literature to report adverse
effects, such as toxicity, of a drug or resistance to it and prepare automated evaluations for
regulatory (FDA) approval or a patent application.*” NLP-based sentiment analysis methods
can be used to recommend drugs.*" Prediction of likely sales of a product by machine
learning-based systems could help pharmaceutical companies optimize their business

resources.*?]

% Existing databases and tools for drug development

1. PubChem: PubChem!¥ is the largest free database of chemical information, with about
111 Million compounds, 279 Million substances, 295 Million bio-activities, and 34 Million
articles, organized into three inter-linked web data pages; substance, compound, and bio
assay."*!! The descriptions of, and test results from, bio-assays are stored in the bio-assay
database. Data mining methods can be used to identify compounds for a particular target or

protein.

Pub@hem
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2. ChEMBL: ChEMBLM! is an open-access drug discovery database, developed by the
European Molecular Biology Laboratory (EMBL). Data on authorized and candidate
medications, such as the mechanism of action and therapeutic indications, are gathered from
full-text papers in high-impact publications and combined with data on small, compounds
and their biological activity. The bio-activity data is exchanged with another database; such
as BindingDB!® and PubChem Bioassay. The ChEMBL database has been used to identify
chemical tools for a target of interest, to predict drug-target interactions, to re-purpose a drug,
to determine target tractability, and to integrate with existing drug discovery tools.[*"!

oML

3. UniProt database: UniProt [48]is a public database of protein sequences annotated with

taxonomic data and information on biological functions. There are four components; UniProt
Knowledgebase (UniProtKB), UniProt Reference Clusters (UniRef), UniProt Archive
(UniParc), and UniProt Metagenomic and Environmental Sequences (UniMES). Uniprot

contains more than 189 million records; more than half were curated by human experts.

B D T
2 DDB] :: NCB mnm DATA BANK
L K ... v
—-UniProt &
L - : 2? — €.’Ensembl
Submissions / \ _
Uterature scanning Refseq

% List of Al-based software for drug discovery, development, and analysis.
1. AlphaFold2: Predicting the 3D structures of proteins from their amino acid sequence is a
very complex and challenging problem. AlphaFold2, developed by DeepMind, has achieved a

breakthrough level of accuracy™®) and is openly available via Google Colab.
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2. DeepChem: The DeepChem” library is a Tensorflow wrapper that understands and
streamlines the analysis of chemical datasets. It has been used for algorithmic research into
one-shot deep-learning algorithms for drug discovery and application projects such as
modeling inhibitors for BACE-1).5%2 DeepChem can be used to analyze protein structures,
predict the solubility of small molecule drugs and their binding affinity to targets, and count
the number of cells in a microscopic image. MoleculeNet™®®, which contains the properties of
700,000 compounds has been integrated into the DeepChem package.

3. DeeperBind: DeeperBind®™ is a long short-term recurrent convolutional network that
predicts protein binding specificity in relation to DNA probes, which can model the
interaction between transcription factors (TF) and their corresponding (DNA/RNA) binding
sites. DeeperBind can effectively predict the dynamics of probe sequences. It can also be
trained and tested on datasets with sequences of variable lengths.

4. DeepAffnity: DeepAffinity™! is a semi-supervised model that unifies recurrent and
convolutional neural networks to predict the binding affinity between a drug and target
sequences. The model uses both labeled and unlabeled data to jointly encode molecular
representations under unique structurally annotated protein sequence representations.

DeepAffinity outperformed random forest, ensemble methods, and RNN-CNN models.

s Applications of artificial intelligence in drug development process

The most arduous and desponding step in the drug discovery and development process is
identifying suitable and bioactive drug molecules present in the vast size of chemical space,
which is in the order of 1060 molecules. Further, the drug discovery and development process

are considered a time- and cost-consuming process. The most infuriating point is that nine out
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of ten drug molecules usually fail to pass phase Il clinical trials and other regulatory
approvals.”®%8 The above-said limitations of drug discovery and development can be
addressed by implementing Al-based tools and techniques. Al is involved in every stage of
the drug development process such as small molecules design, identification of drug dosage
and associated effectiveness, prediction of bioactive agents, protein—protein interactions,
identification of protein folding and misfolding, structure and ligand-based VS, QSAR
modeling, drug repurposing, prediction of toxicity and bioactive properties, and identification
of mode of action of drug compounds as discussed below.

e Peptide synthesis and small molecule design

Peptides are a biologically active small chain of around 2-50 amino acids, which are
increasingly being explored for therapeutic purposes as they have the ability to cross the
cellular barrier and can reach the desired target site.> In recent years, researchers have taken
advantage of Al and used it to discover novel peptides. For instance, Yan etal. 2020
developed Deep-AmPEP30, a DL-based platform for the identifi cation of short anti-
microbial peptides (AMPs).l”) Deep AMPEP30 (https:// cbbio. online/ AXPEP/) is a CNN-
driven tool that predicts short AMPs from DNA sequence data. Using Deep-AmPEP30, Yan
et al. identified novel AMPs from the genome sequence of C. glabrate, a fungal pathogen
present in the GI tract. Likewise, Plisson et al. 2020 combined the ML algorithm with an
outlier detection technique to discover AMPs with non-hemolytic profiles.® In addition,
Kavousi et al. developed IAMPE (http:// cbbl. ut. ac. ir/), a web server for the identification
of anti-microbial peptides, which integrates 13CNMR-based features and phys icochemical
features of peptides as input to ML algorithms, in order to identify novel AMPs."*? Similarly,
Yi etal. 2019 devised ACP-DL (https:// github. com/ haich engyi/ ACP- DL), a DL-based
tool for the discovery of novel anti-cancer peptides./®) ACP-DL uses the LSTM algorithm,
which is an improved version of the recursive neural network (RNN), for differentiating anti-
cancer peptides from non-anti-cancer peptides. Moreover, Yu et al.’®!! proposed DeepACP, a
deep recurrent neural network-based model for identifying anti-cancer peptides. Likewise,
Tyagi etal. 2013 developed an SVM-based platform for identifying new anti-cancer pep
tides.[*®™ In addition, Rao et al. 2020 combined a graphical convolutional network and one-hot
encoding to design ACP-GCN for the discovery of anti-cancer peptides.'®® Moreover, Grisoni
etal. used an ensemble of four counter propagation ANN for identifying new anti-cancer
peptides. Likewise, Wu et al.[*”) proposed PTPD, a tool based on CNN and word2vec, for the

discovery of novel peptides for therapeutics.
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Fig: Artificial intelligence in primary and secondary drug screening: in drug discovery and
designing pipeline, screening of potential lead is crucial, and artificial intelligence plays a
great role in identifying novel and potential lead compounds. There are approximately 106
million chemical structure presents in chemical space from different studies such as OMIC
studies, clinical and pre-clinical studies, invivo assays, and microarray analysis. With
machine learning models such as reinforcement models, logistic models, regression models,

and generative models, these chemical structures are screened out based on active sites,
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structure, and target binding ability. The complete drug discovery process through artificial
intelligence will take about 14-18 years, which is comparatively less than the traditional drug
discovery process. The first step in the drug discovery pro cess is lead identification, in which
disease-modifying target protein is identified through reverse docking, bioinformatics
analysis, and computational chemical biology. In the second step, primary screening of
compounds is done to select potential lead compounds, which can inhibit target protein. This
can be done through virtual screening and de novo designing. The next step in the drug
discovery process includes lead optimization and lead compound identification through
focused library design, drug-like analysis, drug-target reproducibility, and computational
biology. Afterward, secondary screening of com pounds is performed, followed by pre-
clinical trials. The drug discovery process’s final step is clinical development through cell-

culture analysis, animal model experimentation, and patient analysis.

e Identification of drug dosage and drug delivery effectiveness

Administering an improper dose of any drug to a patient can lead to undesirable and lethal
side effects; hence, it is crucial to determine a safe drug dose for treatment purposes. Over the
years, it has been challenging to ascertain the optimum dose of a drug that can achieve the
desired efficacy with minimum toxic side effects.®® With the emergence of Al, lots of
researchers are taking the help of ML and DL algorithms to determine appropriate drug
dosage. For instance, Shen et al.’®! developed an Al-based platform, referred to as Al-PRS, to
determine the optimum dose and combinations of drugs to be used for HIV treatment through
antiretroviral therapy. AI-PRS is a neural network-driven approach, which relates drug
combinations and dosage to efficacy through a parabolic response curve (PRS). In their study,
Shen et al. administered a combination of tenofovir, efavirenz, and lamivudine to 10 HIV
patients, and in due course, using the PRS method, they found out the dose of tenofovir could
be reduced by 33% of the starting dose without causing virus relapse. Hence, using Al-PRS

optimum drug dosage can be found out for other diseases as well.

e Structure-based and ligand-based virtual screening

In drug designing and drug discovery, VS is one of the crucial methods of CADD. VS refers
to the identification of a small chemical compound that binds to a drug target. VS is an
efficient method to screen out the promising therapeutic compound from a pool of
compounds.™ Thus, it becomes an important tool in high-throughput screening, which
incurred the problem of high-cost and low-accuracy rate. In general, there are two important
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types of VS that are structure-based VS (SBVS) and ligand-based VS (LBVS)."*" The
LBVS depends on the chemical structure and empirical data of both active and inactive
ligands, which uses the chemical and physiochemical similarities of active ligands to predict
the other active ligand from a pool of compounds with high bioactivity. However, the LBVS
does not depend on the 3-D structure of the target protein, and thus, this method is
implemented where target structure or information is missing, and the obtained structural
accuracy is low.[”®! On the other hand, SBVS has been implemented in such cases where 3-D
structural information of protein or target has been elucidated either through in vitro or
in vivo experiments or through computational modelling.!"* ™ In general, this method is used
to predict the interaction between the active ligand or its associated target and to predict the
amino acid residues, which are involved in drug-target binding. In comparison with LBVS,
SBVS possesses high accuracy and precision. How ever, SBVS is associated with the
problem of an increasing number of disease-causing proteins and their complicated
conformations.[’® To use ML for VS, there should be a filtered training set comprising of
known active and inactive compounds. These training data are used to train a model using
supervised learning techniques. The trained model is then validated, and if it is accurate
enough, the model is used on new data sets to screen compounds with desired activity against
a target.l’! After that, the shortlisted compounds can go for ADMET analysis, followed by
various bioassays before entering clinical trials. Hence, ML has the power to speed up VS,
make it more robust, and can even reduce false positives in VVS. Docking is the main principle
applied in SBVS, where several Al and ML-based scoring algorithms have been developed
such as NNScore, CScore, SVR-Score, and ID-Score. Similarly, ML and DL methods such as
RFs, SVMs, CNNs, and shallow neural networks have been constructed to predict protein—
ligand affinity in SBVS. Moreover, Al-based algorithms have been developed for molecular
dynamic simulation assays in SBVS. On the other hand, LBVS consists of several steps, and
each step comes up with novel Al- and ML-based algorithms to speed up the process and
increase reliability. For example, several ML- and DL-based algorithms have been
constructed for the preparation of useful decoy sets such as Gaussian mixture models

(GMMs), isolation forests, and artificial neural networks (ANNs).!"®!

CONCLUSION
Al-based methods are being adopted in the health care industry where low-cost, intelligent,
and flexible methods are affecting areas such as drug design, support for clinical decision

making, diagnosis, prevention, and making clinical recommendations. Al applications were
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previously thought to be inferior to experimental high-throughput screening, combinatorial
chemistry, and other technical drivers. It was difficult to create new chemical entities using
computer programs, with desired features from the ground up, potentially even better than a
human expert. The long and costly process of drug design can be accelerated by employing
data science methods for target identification, De novo molecular design, drug repurposing,
retrosynthesis and prediction of reactivity and bio-activity, FDA approval, and post-market
analysis. Al has been implemented by some pharmaceutical organizations, with revenue from
Al-based solutions in the pharmaceutical sector estimated to reach US $2.199 billion by
2022. Deep neural networks (DNNSs) can be used to boost prediction power when inferring
the properties of small molecules, and one-shot learning can be used if a large amount of
experimental data is not available. Understanding technical and human errors, labeling
constraints, and biological variability associated with the underlying data is crucial to create
useful predictive models. It is difficult to represent the experimental data in numerical or
computer-assisted form. Al is now being utilized to create representations of trials that allow
for data categorization and, ultimately, the development of predictive models. Great things
happen in minds and are never done alone, Al is delivering only a platform to execute the
plans. We need to develop novel hypotheses for drug discovery by employing the knowledge
from different domain experts. After that, we can design a data analysis algorithm, and then
we can learn from the data to modulate the hypothesis or modify the algorithms. In short,
both mind and machine need to work in synergy. We hope that the use of machine learning,
especially deep learning, will increase in the future and help us understand complex
biological systems, generate particles with the desired properties, and lead to semi-automated
smart healthcare systems. We also expect that Al would be a valuable tool in understanding
human biology, a catalyst in combating human diseases and will accelerate drug design. In
terms of drug discovery, quality, and safety are more important than speed and cost, devising
an Al system that can meet this multi-objective optimization in a multi-dimensional complex
space is a huge challenge, which needs collaborative efforts from multiple disciplines in
academia and industry.
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