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Abstract: Drug discovery is usually a rule-based process that is carefully carried out by pharmacists.
However, a new trend is emerging in research and practice where artificial intelligence is being
used for drug discovery to increase efficiency or to develop new drugs for previously untreatable
diseases. Nevertheless, so far, no study takes a holistic view of AI-based drug discovery research.
Given the importance and potential of AI for drug discovery, this lack of research is surprising. This
study aimed to close this research gap by conducting a bibliometric analysis to identify all relevant
studies and to analyze interrelationships among algorithms, institutions, countries, and funding
sponsors. For this purpose, a sample of 3884 articles was examined bibliometrically, including studies
from 1991 to 2022. We utilized various qualitative and quantitative methods, such as performance
analysis, science mapping, and thematic analysis. Based on these findings, we furthermore developed
a research agenda that aims to serve as a foundation for future researchers.

Keywords: drug discovery; drug development; artificial intelligence; machine learning; deep learning;
bibliometric study

1. Introduction
1.1. Motivation

Diseases and sickness can be defined as conditions that negatively affect an organism
and its functions. Diseases can affect most living organisms, including humans. Under-
standing the nature to develop new drugs and medicine to fight diseases is therefore a goal
that is as old as human civilization itself [1]. Life expectancy, one of the key metrics to
assess the health of a population, increased significantly over the last decades [2]. There
is a debate about what the reasons for the increase in life expectancy are, as hygiene and
nutrition also improved. However, there is little doubt that advances in modern medicine
and the development of new drugs played a key role in fighting and controlling infectious
diseases [3].

The process of drug discovery and its underlying paradigms were subject to several
changes and developments over the last centuries. This process went from a trial-and-
error method of natural products to the development of synthetic, biotechnological, or
biopharmaceutical drugs [1]. The instruments and tools that are used for the process of drug
discovery did change significantly. Especially in the last decades, digital technologies were
increasingly applied in the process of drug discovery. Examples of digital technologies in
pharmacy are the usage of laboratory robotics [4] or automation in medicinal chemistry [5].
One of the most discussed technologies of the digital age that is also increasingly used for
medical purposes is artificial intelligence (AI). “AI” is a trending term that has, to the best
of our knowledge, no precise and generally accepted definition [6]. In general terms, AI
refers to the approach of simulating intelligence with computers [7]. It aims to understand
and replicate cognitive processes and relies on principles and input from many different
disciplines, including mathematics, biology, and engineering [8].
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Recent advances in technology and the availability of new hardware that allow fast
parallel processing have made AI a technology that is applicable to many real-world applica-
tions [9]. Additionally, data that are necessary to train AI systems have become more easily
available. PubChem is probably one of the most known public repositories and contains
information on chemical substances, as well as experimental data identifying the biological
activities of these molecules [10,11]. Driven by these developments, the application of AI
technologies within drug discovery grew significantly in the last decade. Established AI
and machine learning methods such as support vector machines (SVM) [12,13] and artificial
neural networks [14,15] were increasingly used to discover and understand drugs and
their properties. Especially in the last few years, deep learning evolved a lot and proved
to have an advantage over other machine learning technologies in many areas [16]. Deep
learning has also been successfully applied in drug discovery [17], for example, to predict
pharmaceutical properties [18] or for the discovery of antibiotics [19]. AI’s high potential
is also reflected in the AI in pharma market, which experienced strong growth in the last
years. Companies such as Microsoft, IBM Watson, Google, and Novartis are among the
major players participating in it. Until 2026, AI in pharma is forecasted to have a market
value of USD 3626 million US, with a compound annual growth rate of 30.9% [20].

Especially within the last five years, research on AI for drug discovery has grown
rapidly. It is nowadays a research field that consists of several contributions from scholars
of many different disciplines. For scholars and practitioners that are interested in that
field, it is hard to oversee all the different contributions and key issues that are addressed.
With this article, we aim to extend the literature and research on AI for drug discovery
by identifying the core topics, the most influential institutions and funding sponsors, and
the current development of this research field. We believe this is necessary to consolidate
existing contributions to provide both research and practice with a summarized overview
of AI for drug discovery. The first research question we aim to address is as follows:

RQ1: What is the present status of research on using AI for drug discovery, and what
topics have been investigated in previous research?

Additionally, an article that analyzes the prior literature can “provide directions
for future research with reference to new and novel ideas, theories, measures, methods
and novel research questions” [21] (p. 1). We follow [21] and believe that review articles,
including bibliometric studies, can and should identify future research questions to advance
a certain research field. Our second goal is therefore to serve as a foundation for interested
scholars by identifying opportunities for further research. Hence, we aim to address the
following second research question:

RQ2: What are promising future research avenues that can help to advance the field of
AI for drug discovery?

To answer the first research question, we followed a bibliometric approach. While
systematic literature reviews are used to qualitatively analyze smaller datasets of literature,
bibliometric studies aim at quantitatively analyzing large datasets by using statistical or
visualization tools [22]. Hereby, a bibliometric analysis can help to achieve a comprehensive
understanding of a research field and its boundaries and can furthermore help to identify
future research directions [23–26]. Although the bibliometric method is not new and
was discussed already in the 1950s and 1960s [27,28], it has gained popularity in recent
years. Due to their benefits and value, bibliometric studies have been applied in different
disciplines, including pharmacy [29,30], oncology [31], tourism management [32], human
resources management [33], and business administration [34]. Given a large amount of
research available on that topic, we found a bibliometric approach also suitable for the field
of AI for drug discovery.

While we used the bibliometric analysis to understand the structure and research
topics, we followed [23] and additionally applied content analysis. Similar approaches
have already been conducted by different researchers [23,32,35,36] to obtain more detailed
insights. In our study, we used additional content analysis to identify promising future
research topics to answer our second research question.
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1.2. Overview of Artificial Intelligence

AI is one of the newest fields that is investigated in science and engineering [37].
According to [38], the beginning of AI can be dated to 1943. Going back to this year, [39]
proposed the first idea of an artificial neuron. The term “AI” itself was coined a few years
later, in 1956 [37]. In the following decades, AI experienced several ups and downs [40].
Currently, AI is a broad and thriving field with many applications in practice and several
active research topics [41–43]. Advancing computing power and an increasing amount
of data are among the main reasons for the growing interest in AI in today’s business
environment and society [40]. Although AI is often considered to belong to computer
science, it is a multidisciplinary field that contains contributions from other disciplines,
such as psychology, mathematics, and neuroscience [44,45].

It is important to note, however, that today’s AI systems are not intelligent in the
proper sense of the word. In that regard, [46] was the first to propose a distinction between
strong and weak AI. Strong AI, or artificial general intelligence (AGI), describes machines or
systems that have human-like intelligence or capabilities [47,48]. These strong AI systems
might have emotions, feelings, and an understanding of their environment [44]. However,
strong AI is not yet realized [49], and some researchers even believe that AI will never be
capable of all human abilities [50]. The AI methods and applications of today are examples
of weak AI. Weak AI systems are not generally intelligent and are developed for single
tasks. They do lack emotions, feelings, general intelligence, or a conscious mind [44,46].
Therefore, weak AI systems are not intelligent, but only behave as though they are [37,51].

AI does not refer to one single tool or application; it is an umbrella term that describes
several different technologies. Machine learning is a group of AI methods that is nowadays
probably used most often. Nowadays, machine learning is driving many applications in
modern life. Examples include web searches, content filtering in social networks, or recommen-
dations on e-commerce websites. Additionally, machine learning is part of many consumer
products, such as cameras and smartphones [52]. In general terms, machine learning refers to
applications and systems that are able to automatically detect meaningful patterns in data [45].
That means that the performance of machine learning improves with “experience” [53], also
referred to as learning or training of machine learning systems. Based on the how the machine
learning system learns, two different types can be identified: those with supervised and
unsupervised learning techniques [54]. It must be noted that other types of learning exist.
Examples are, among others, semi-supervised learning, online learning [55], or reinforcement
learning [56,57]. However, supervised and unsupervised learning are the most used learning
algorithms [58]. The difference between supervised and unsupervised learning is the presence
of labels in the data that are used for training [58]. With supervised learning, the system
receives labeled input as the training data [59]. In comparison, in unsupervised learning,
a system only receives input but does not obtain information about the desired outcomes [60].

There are a large number of different algorithms that are subsumed under the term
machine learning. Among these are tree-based methods, such as the decision tree, random
forest, and XGBoost, as well as methods that are inspired by the human brain, such as
neural networks [42,61].

The remainder of this article is structured as follows. The second section is divided
into three subsections and presents the findings and results of our bibliometric analysis.
After that, section three contains a discussion that consists of a future research agenda and
implications of our study for research and practice. This is followed by Section 4, in which
the bibliometric approach and steps of data collection and analysis are discussed. Finally,
the last section contains concluding remarks.

2. Results

This section presents the findings of the bibliometric analysis. It consists of three sub-
sections. First, a general overview of the field of AI for drug discovery is given. The second
subsection shows the results of our performance analysis. Finally, the last subsection
contains a network analysis and a thematic overview.
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2.1. General Overview

This section gives an overview of the research field of AI applied for drug discovery.
Table 1 shows an overview of key metrics of the identified publications. In total, 3884 differ-
ent documents were identified that dealt with that topic. These documents were published
in 1073 different journals or conferences. In total, 217,668 references were cited by the 3884
documents. In total, 6790 different author keywords were used. Apart from the author key-
words, which are provided by the original authors of a document themselves, keywords plus
are an additional way to analyze a document’s content. Keywords plus are automatically
generated and are words or phrases that appear in the titles of an article’s references [62,63].
In summary, 19,326 different keywords plus were identified in our sample.

Table 1. General overview and key metrics of the identified publications.

Metric Value

Main information
Timespan of publications 1991–2022

Sources (conferences and journals) 1073
Documents 3884

Average citations per document 36.08
Average citations per year per document 5.70

Total number of references 217,668
Number of author’s keywords 6790

Number of keywords plus 19,326
Document Types

Journal article 2452
Conference article 503

Review 928
Authors

Number of different authors 12,044
Total number of author appearances 19,011

Average number of authors per document 4.89
Documents per author 0.322

Single-authored documents 261
Multi-authored documents 3623

Authors of multi-authored documents 11,803
Collaboration index 3.26

In total, 12,044 different researchers authored the 3884 articles dealing with AI-based
drug discovery. A total of 19,011 authors appear in the publications, and this is equivalent
to an average number of 4.89 authors per document. Only 261 documents are single-author
papers, and this is equivalent to 6.7% of the articles. This might be an indicator of the
topic’s high complexity, which makes it necessary to collaborate with other researchers.
This assumption is underpinned by the high number of almost five researchers authoring
one document on average. To analyze the cooperation among researchers, the collaboration
index (CI) is an often-used variable. It is calculated by dividing the total number of authors
of multi-authored documents by the total number of multi-authored articles [64,65]. For
our sample, we received a collaboration index of 3.26. This is a high value compared to
other bibliometric studies (see Table 2 for a comparison).

Table 2. Comparison of different bibliometric studies.

Study [66] [67] [68] [69] This Study

Topic Data quality Blockchain in accounting Waqf research Data governance AI for drug discovery
Documents 159 93 527 780 3884

Documents per author 0.305 0.443 0.599 0.367 0.322
Collaboration index 3.60 2.83 2.53 3.26 3.26

Single-authored
documents - 29% 50% 22.18% 6.7%
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Figure 1 shows the distribution of the identified publications among the different
disciplines. The data for Figure 1 were derived from Scopus, where the publications are
assigned to disciplines based on the outlets they were published in. An outlet can be related
to more than one discipline. Therefore, the total number of documents in Figure 1 is higher
than the number of identified documents.
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In total, the 3884 identified documents cover 26 different disciplines. The fact that
scholars from many different disciplines contributed to it shows the interdisciplinary
nature of this research field and AI in general [61]. We can see that most articles have been
published within four disciplines. Three of these disciplines are directly related to medicine
and topics related to drug development, namely “Biochemistry, Genetics, and Molecular
Biology”, “Pharmacology, Toxicology, and Pharmaceuticals”, and “Chemistry”. The fact
that “Computer Science” is the discipline with the second-highest number of publications
is not surprising, since AI is a traditional topic within computer science. In comparison,
“Biochemistry, Genetics, and Molecular Biology” and “Pharmacology, Toxicology, and
Pharmaceuticals” are fields that are concerned with discovering and developing new drugs.

Figure 2 depicts the number of publications for every year. The first identified pub-
lication dealing with AI for drug discovery was published in 1991 [70]. In this article,
the authors present their preliminary results about the application of machine learning
computer-aided molecular design. In this early work, the machine learning that is used
is trained with a knowledge base of chemical properties. The goal of the model was to
automatically identify relevant fragments in a molecule that are “responsible for activity in
a set of inhibitors of thermolysin and, furthermore, to determine a generalized model for
an optimal inhibitor” [70].

In the next years, however, we observe only slow growth of research on AI for drug
discovery. In total, only 40 articles were published between 1990 and 1999. From 2000 on,
there was an increasing interest in the field of AI applied for drug discovery. From 2000
until 2005, four times as many articles were published than in the 10 years before. By
the year 2006, the annual number of research is steadily increasing, with the exception of
only three years (2008, 2010, and 2016). In the first eight months of 2022, 488 articles were
published. We therefore can assume that the trend of an increase in publication numbers
will be ongoing in 2022. Since, in previous years of our final sample, statistically more
publications appear in the last months of the year, we extrapolated the total number of
publications for 2022 to 957 in total.
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In summary, Figure 2 shows that the research interest in AI for drug discovery has
increased significantly over the last few years. It has to be noted, however, that this
development is not unique to AI applications for drug discovery. Instead, AI in general is
a topic that has gained a lot of attention in the last years, notwithstanding the application.

2.2. Performance Analysis

This subsection presents the results of our performance analysis, while the previous
subsection aimed to give a general overview. The 3884 publications that were included in
our final sample were published in 1073 different sources. From these sources, 263 were
conferences and 810 were journals. Table 3 lists the outlets with the most publications
on AI applied for drug discovery. The leading journal with the most articles (n = 222) on
this subject is the Journal of Chemical Information and Modeling. This outlet is followed by
the Briefings in Bioinformatics, Drug Discovery Today, BMC Bioinformatics, and the Journal of
Cheminformatics. Among the 20 sources with the most publications, only one item referred
to conference proceedings (Lecture Notes in Computer Science on rank 10). The thematic focus
of the sources reflects the strong dominance of computer science and biochemistry that was
already outlined above (see Figure 1).

AI for drug discovery is a topic of international and global interest. In total, researchers
from 100 different countries have contributed to the studies that were identified. In Table 4,
the 20 countries with the most publications are listed. A publication is assigned to a coun-
try when its corresponding author is affiliated with an institution or company located
in this nation. If the corresponding author was not clearly identifiable, an article was
excluded from the analysis. In total, 3236 of the identified 3884 articles had a clearly defined
corresponding author.
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Table 3. Overview of the sources with the most publications.

Rank Source Publications

01 Journal of Chemical Information and Modeling 222
02 Briefings in Bioinformatics 95
03 Drug Discovery Today 85
04 BMC Bioinformatics 71
05 Journal of Cheminformatics 70
06 Molecules 70
07 International Journal of Molecular Sciences 69
08 Expert Opinion on Drug Discovery 64
09 Bioinformatics 57
10 Lecture Notes in Computer Science 56
11 Journal of Computer Aided Molecular Design 55
12 Molecular Informatics 53
13 Scientific Reports 52
14 Molecular Pharmaceutics 46
15 Current Topics in Medicinal Chemistry 44
16 PLOS One 44
17 Journal of Medicinal Chemistry 39
18 IEEE ACM Transactions on Computational Biology and Bioinformatics 36
19 Molecular Diversity 36
20 Frontiers in Pharmacology 33

Table 4. Overview of the countries with the most publications (n = 3236).

Rank Country Publications Percentage Citations Avg. Cit. per Document

01 USA 850 26.27% 69,461 81.72
02 China 577 17.83% 11,290 19.57
03 India 216 6.67% 3496 16.19
04 United Kingdom 207 6.40% 6517 31.48
05 Germany 152 4.70% 5601 36.85
06 Japan 106 3.28% 1588 14.98
07 Switzerland 90 2.78% 4965 55.17
08 South Korea 87 2.69% 1380 15.86
09 Canada 82 2.53% 4817 58.74
10 Italy 69 2.13% 2199 31.87
11 Spain 62 1.92% 2400 38.71
12 France 60 1.85% 967 16.12
13 Iran 58 1.79% 729 12.57
14 Sweden 53 1.64% 1804 34.04
15 Brazil 49 1.51% 1165 23.78
16 Australia 41 1.27% 719 17.54
17 Portugal 40 1.24% 920 23.00
18 Singapore 30 0.93% 1314 43.80
19 Turkey 30 0.93% 698 23.27
20 Netherlands 24 0.74% 925 38.54

Authors from the United States have authored, by far, the most publications. In total,
850 of the 3236 publications have corresponding authors from institutions or companies in
the United States, which is equal to more than 26%. The United States are followed by China,
with 577 publications. In summary, authors from China and the United States corresponded
to 44% of all publications dealing with AI for drug discovery. China and the United States
are followed by India (216 publications) and the United Kingdom (207 publications). With
152 publications, Germany is the first country from the European Union to appear in our
list, on the fifth rank.

The United States is also leading in terms of the total citation count. In summary, the
articles with a corresponding author from the United States received 69,461 citations, which
is equal to an average citation count of 81.72 per document. It is important to mention,
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however, that one single article, dealing with deep learning in general [52] is responsible
for 37,560 of the 69,461 citations of the United States, and this is equal to more than 54%.
In terms of the total citation count, the United States is followed by China, the United
Kingdom, Germany, Switzerland, and Canada. Additionally, it is interesting to observe
that a high number of articles does not necessarily correlate with a high number of citations.
When we focus on the average number of citations per document, the United States is
followed by Canada, Switzerland, and Singapore.

Next, we take a look at the sponsors that funded most of the articles. Table 5 shows
an overview of the top 20 funding sponsors of all articles. Of the 3884 sources we identified,
2003 were supported by funding sponsors. Although the majority of the 2003 articles was
funded by only one sponsor, several projects were supported by more than one institution.
We can observe that funding sponsors from China, the United States, and the European
Union are most often present on the list. Of the top 20 sponsors, 8 were from the United
States, four from China, and three from the European Union. The National Natural Science
Foundation of China funded the most articles of our sample (361 publications), followed by
the National Institutes of Health (327 publications, United States), and the National Science
Foundation (153 publications, United States). While most of the funding sponsors belong
to one single country, three funding programs were from the European Union, namely
the Horizon 2020 Framework Programme, the European Commission, and the Seventh
Framework Programme.

Table 5. Overview of the funding sponsors.

Rank Funding Sponsor Country/Region No.

01 National Natural Science Foundation of China China 361
02 National Institutes of Health United States 327
03 National Science Foundation United States 153
04 National Institute of General Medical Sciences United States 119
05 National Key Research and Development Program of Chinas China 83
06 U.S. Department of Health and Human Services United States 79
07 National Cancer Institute United States 72
08 National Research Foundation of Koreas South Korea 68
09 Horizon 2020 Framework Programme European Union 62
10 European Commission European Union 59
11 Japan Society for the Promotion of Science Japan 54
12 National Center for Advancing Translational Sciences United States 54
13 National Institute of Allergy and Infectious Diseases United States 46
14 Fundamental Research Funds for the Central Universities China 41
15 Engineering and Physical Sciences Research Council United Kingdom 40
16 Ministry of Education, Culture, Sports, Science and Technology Japan 37
17 U.S. National Library of Medicine United States 35
18 Seventh Framework Programme European Union 35

18 Schweizerischer Nationalfonds zur Förderung der
Wissenschaftlichen Forschung Switzerland 34

19 Ministry of Science and Technology of the People’s Republic of China China 34
20 Deutsche Forschungsgemeinschaft Germany 33

The following Table 6 shows the top 20 funding sponsors of the 100 most cited articles
of our sample. With 13 funding sponsors, a majority of the 20 top funding sponsors originate
from the United States. Furthermore, two funding sponsors from Switzerland are among the
top 20, namely the Eidgenössische Technische Hochschule Zürich and the Schweizerischer
Nationalfonds zur Förderung der Wissenschaftlichen Forschung. Switzerland is thus the
only country in Table 5, apart from the United States, that is represented more than once.
The Horizon 2020 Framework Programme is ranked 6th and funded 3 of the 100 most
cited articles on AI-supported drug discovery. The National Natural Science Foundation of
China, which funded the most articles in total, funded four of the most cited articles.
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Table 6. Overview of the funding sponsors of the 100 most cited articles.

Rank Funding Sponsor Country/Region No.

01 National Institutes of Health United States 12
02 National Institute of General Medical Sciences United States 7
03 National Science Foundation United States 6
04 National Natural Science Foundation of China China 4
05 National Heart, Lung, and Blood Institute United States 4
06 Horizon 2020 Framework Programme European Union 3
07 Eidgenössische Technische Hochschule Zürich Switzerland 3
08 Biotechnology and Biological Sciences Research Council United Kingdom 2
09 Canadian Institutes of Health Research Canada 2
10 Deutsche Forschungsgemeinschaft Germany 2
11 Japan Society for the Promotion of Science Japan 2
12 National Cancer Institute United States 2
13 National Center for Advancing Translational Sciences United States 2
14 National Institute of Allergy and Infectious Diseases United States 2
15 National Institute of Biomedical Imaging and Bioengineering United States 2
16 NVIDIA United States 2
17 Pharmaceutical Research and Manufacturers of America Foundation United States 2

18 Schweizerischer Nationalfonds zur Förderung der
Wissenschaftlichen Forschung Switzerland 2

19 U.S. Food and Drug Administration United States 2
20 U.S. National Library of Medicine United States 2

Finally, our performance analysis consists of an overview of the most productive
affiliations. To address this, Table 7 shows an overview of the 20 most productive affiliations.
In total, the 12,044 authors that contributed to the research about AI-based drug discovery
came from 2970 different affiliations. With 138 authors, the University of California, in
the United States, was most often represented in research about AI for drug discovery.
The University of California is followed by the Zhejiang University, the Central South
University (both located in China), and the University of Cambridge (United Kingdom).
From ten affiliations, more than 100 authors contributed to research on AI for drug discovery.
The Uppsala University from Sweden and the National University of Singapore are the
two only affiliations that are not located in the United States, China, or the United Kingdom.

Table 7. Overview of the most productive affiliations.

Rank Affiliation Country/Region No.

01 University of California United States 138
02 Zhejiang University China 129
03 Central South University China 128
04 University of Cambridge United Kingdom 128
05 Sun Yat-Sen University China 122
06 China Pharmaceutical University China 121
07 Novartis Institutes for Biomedical Research United States 120
08 Sichuan University China 118
09 East China University of Science and Technology China 116
10 University of Pittsburgh United States 115
11 National University of Singapore Singapore 89
12 Peking University China 74
13 National Institutes of Health United States 72
14 Stanford University United States 72
15 Tsinghua University China 72
16 Shanghai Jiao Tong University China 71
17 University of British Columbia United States 70
18 Uppsala University Sweden 66
19 Vanderbilt University United States 63
20 Shanghai Institute of Materia Medica China 62
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2.3. Science Mapping and Thematic Analysis

Next to the performance analysis that was presented in the last section, we conducted
science mapping to obtain a better understanding of the topics and structure of the research
field of AI in drug discovery. Together with performance analysis, science mapping is one of
the two main categories of bibliometric tools [22]. In contrast to performance analysis, which
aims to measure performance, science mapping examines interactions and relationships of
research constituents [22,71,72]. Science mapping is a widely adopted set of methods that
aims to shed light on a research field’s conceptual, social, and intellectual structure [73–75].
By conducting science mapping and studying keywords and their frequency, this section
aims to analyze the key topics addressed in research on using AI for drug discovery.

We begin our examination by looking at commonly used keywords that appeared
in the title, abstract, or keywords. In Table 8, we show the keywords that appeared most
frequently throughout our sample. Many of the most frequently used terms are not surpris-
ing since they also occurred in the search string that was used for the literature collection
(e.g., drug discovery, machine learning, artificial intelligence, deep learning, or artificial
neural network). It is worth mentioning that “machine learning” is the technical term that
appeared most frequently in our sample. This is not surprising, since “machine learning”
is an umbrella term that often includes frequently used technologies such as decision
trees and artificial neural networks [76]. Deep learning is another concept that belongs
to machine learning and is based on artificial neural networks [77]. It is therefore hardly
surprising that also deep learning is among the top 10 keywords, with 812 appearances of
that term in total.

Table 8. Overview of the most frequently used keywords.

Rank Keyword No.

01 Drug discovery 2127
02 Machine learning 1877
03 Human 1651
04 Drug development 1525
05 Humans 1391
06 Article 1369
07 Artificial intelligence 933
08 Procedures 912
09 Deep learning 812
10 Chemistry 782
11 Priority journal 729
12 Drug design 689
13 Review 689
14 Algorithm 669
15 Nonhuman 558
16 Algorithms 557
17 Prediction 549
18 Metabolism 525
19 Protein 494
20 Quantitative structure activity relation 490
21 Artificial neural network 440
22 Forecasting 432
23 High-throughput screening 426
24 Learning systems 419
25 Animals 417
26 Support vector machine 403
27 Controlled study 387
28 Computational biology 377
29 Ligands 375
30 Drug screening 371
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With 1651 and 1391 appearances, the terms “human” and “humans” are also among the
top five keywords within our sample. This indicates that a high percentage of the identified
research deals with drugs or proteins that are relevant for the human organism. Typical
research contributions within this category are machine learning and AI approaches for
predicting the interactions between SARS-CoV-2 and human proteins [78], the investigation
of human intestinal drug absorption for drug discovery [79], or for the development of
G-protein-coupled receptor (GPCR) agonists [80].

Figures 3 and 4 show word clouds from different time periods. The bigger a word
is, the more often it appeared throughout the keywords of the articles within that period.
We divided our sample into four different periods (see Table 9 for an overview). Figure 3a
shows the author keywords used most frequently from 1991 to 2007. This is the longest
period of time, and it contains 316 articles in total. It is the earliest stage of research on AI
for drug discovery. We see that “drug discovery” is by far the most dominant term. When
we focus on technology-related terms (e.g., artificial intelligence, machine learning, random
forest, etc.), it is interesting to see that there is no clear dominance of one single technology
in that early phase.
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Table 9. Overview of the time periods.

Years Number of Publications Duration of the Period

1991–2007 316 17 years
2008–2014 580 7 years
2015–2019 1197 5 years
2020–2022 1789 3 years

While machine learning and deep learning seem to dominate the discussions in later
periods, many technologies have an equal size in Figure 3a. This shows that researchers
were experimenting with different technologies in the early years. Already in the second
period that consists of 580 articles published between 2008 and 2014, machine learning has
become the technology most often used, followed by support vector machines.

Figure 4 shows the word clouds from the most recent periods. Figure 4a contains
1197 articles published between 2015 and 2019. In the third period, machine learning is
obviously the most often used author keyword and the most popular group of technologies
for drug discovery within our sample. While support vector machines were still frequently
applied in the second period (Figure 3b), they lost a lot of attention from 2014 on. Further-
more, the third period is characterized by the rise of deep learning which is now appearing
among the keywords for the first time. In 2015, the first three articles were published that
suggested or investigated deep learning’s potential for drug discovery [52,81,82]. From
2015 on, research containing deep learning grew continuously. In 2016, 10 more articles
on deep learning for drug discovery were published, followed by 18 publications in 2017,
58 publications in 2018, and 138 publications in 2019.

Given that tremendous growth, it is not surprising that “deep learning” is among
the top keywords in the latest period (Figure 4b). In total, 644 publications containing
“deep learning” as an author keyword were published between 2020 and 2022. Together
with “machine learning” and the umbrella term “artificial intelligence”, “deep learning”
is thus the most frequently applied technology for drug discovery in the last few years.
Additionally, COVID-19 and SARS-CoV-2 are now frequently used author keywords. As
recent studies show, machine learning or AI can be used for several for the discovery and
development of drugs or antibodies against COVID-19 [83]. For example, [84] proposes
a deep learning model for screening effective inhibitors against SARS-CoV-2, while [85]
presents D3AI-CoV, which is a platform that consists of three deep learning models that aim
to support the discovery of drugs against COVID-19. These examples show that AI-based
technologies can help to quickly understand new diseases and to find countermeasures
against them.

Finally, Figure 5 shows a graphical representation of the keyword co-occurrences. The
underlying assumption of a co-word analysis is “that words that frequently appear together
have a thematic relationship with one another” [22] (p. 289). In Figure 5, only keywords
appear that were used at least 50 times in our sample. Similar to word clouds, terms that
occur more frequently are represented with a bigger font size and circle. Terms that appear
together are linked with lines. Following the same logic as the font and circle size, a line
between two terms is thicker the more often these two terms appeared together in one
publication. Additionally, words that are in the center of the network are linked to other
words in different clusters. Keywords that are less linked and do not have many relations
to other clusters are depicted at the edge of Figure 5.

When we look at Figure 5, we can see four different thematic clusters that are rep-
resented in different colors. First, the red cluster is the medical branch of the research
that deals with AI for drug discovery. Keywords such as “human”, “nonhuman”, or
“animal” indicate that the focus is on understanding drugs in relation to organisms. The
abovementioned works that deal with the use of AI for the development of drugs to fight
diseases such as COVID-19 [83–85] are typical examples. Keywords such as “personalized
medicine”, “precision medicine”, or “human cell” indicate that also the development of
tailored drugs is part of this cluster, for example, to better fight cancer [86,87].
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The green cluster consists of keywords such as “chemistry”, “drug design”, or “chem-
ical structure”. While the green cluster is also about drug design, a keyword such as
“chemical structure”, “molecular model”, or “molecular dynamics” indicates that the green
cluster is more concerned with topics that belong to chemistry. Examples that belong to this
cluster are the application of AI to understand molecular docking to discover and design
marine drugs [88] or the prediction of molecular properties [89]. In most cases, the ultimate
goal of these articles within the green cluster is still about developing drugs that can be
used for treatment. However, the method and approach that underlies the green cluster’s
articles are often different.

While the red and green clusters are driven by medicine and natural sciences, such as
biology and chemistry, the yellow cluster is more technology oriented. In this cluster, many
technologies, such as machine learning, learning systems, and deep neural networks, are
among the keywords. Articles within this cluster often do investigate the potential of AI for
drug discovery from a more technical point of view. Closely related to the yellow cluster
is also the blue group of terms. The blue cluster is located most centrally, and its terms
have several relationships to all the other thematic areas. It is therefore hard to identify
the thematic core of the blue cluster and to distinguish it from the from the other ones. In
essence, publications within the blue cluster investigate the topic of AI for drug discovery
more theoretically. Typical examples that fall within the blue cluster are review articles, for
example, on computational model development of drug–target interaction prediction [90],
molecular docking [91], or how AI applications can be combined with other approaches for
drug discovery [92]. Overall, the keyword “co-occurrence network” in Figure 5 underpins
the multidisciplinary nature of AI in the context of drug discovery.
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3. Discussion
3.1. Future Research Agenda

We presented the state of research in the previous section, and the following section
derives possible research questions that have not yet been addressed to further advance
AI-based research in drug discovery.

First, considering the word clouds in Figures 2 and 4, it becomes evident that the
focus of studies that use AI for drug discovery has changed significantly. While studies
in the 1990s generally associated AI with automating drug discovery, the focus gradually
concretized toward machine learning. It is noteworthy that most of the applied algorithms
in the studies belong to the field of supervised learning. Algorithms such as support vector
machines [93,94], random forests [95,96], and neural networks [97,98] are applied to already
known drug discovery problems in order to identify the most important influencing vari-
ables based on the given input data. However, the limitations of supervised learning are
that it can only be applied to classification problems that are already well known. For drug
discovery, this means that supervised learning models require a large amount of labeled
data from the past to identify patterns for an already known drug discovery problem.
These patterns can be extrapolated to similar problems but are not transferable to new,
completely unknown drug discovery problems. For this purpose, the use of unsupervised
learning algorithms, such as clustering methods, would be necessary. Examples of cluster-
ing methods are principal component analysis [99,100], k-nearest neighbors [101,102], or
autoencoder [61,103]. Therefore, we would like to encourage future researchers to increas-
ingly use and evaluate unsupervised learning algorithms to identify patterns in unlabeled
data to address unknown drug discovery problems.

Another important topic that future research needs to investigate is the explainability
of AI algorithms. Most of today’s best-performing machine learning models are not capable
of conveying information about how they came up with their results and predictions. To
human users, these machine learning algorithms, therefore, are black boxes [104]. Although
some AI researchers argue that explainable AI (XAI) might not be necessary or too difficult
to achieve, there are use cases where a certain degree of explainability might be necessary.
This is especially important for users to trust and understand AI systems in critical appli-
cations such as law, defense, and also medicine [105–107]. For drug discovery, XAI is of
high importance as well. The authors of [108] state that the explainability is important to
validate and understand the results and may have a great impact on the drug discovery
pipeline. Furthermore, [109] argues that medical decision-making without any reasoning
or justification may contravene the moral responsibilities of clinicians. Although the first
research exists on how XAI can be realized in drug discovery [108–110], the explainability
of many complex models is not yet realized to a satisfying extent. Sometimes, given the
challenges research is faced with to realize XAI, it is sometimes argued that more sim-
ple models with less predictive power but a higher degree of explainability should be
used [109,111]. Therefore, one can argue that there is a trade-off between the predictive
power and explainability of AI models. It is, therefore, necessary to investigate if predictive
power and accuracy or explainability are more important for AI in drug discovery.

Table 10 below provides an overview of our open research agenda to assist future
researchers to further contribute to AI-based drug discovery research. We consider both
qualitative and quantitative research methods to adequately address the research gaps. In
order to identify the current state of practice, surveys and interviews are suitable methods.
Analogously, the current state of research can be demonstrated through a systematic review
of the literature. In contrast, for identifying a more effective or efficient solution to existing
practical problems, design science research is more appropriate, as different approaches are
applied and evaluated until a sufficient practical solution is achieved [112,113]. Another
method that can be applied for the evaluation of new approaches involves experiments
that analyze existing and potential cause-effect relationships through an isolated perspec-
tive [114].
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Table 10. Open research agenda.

Focus Possible Research Questions Exemplary Research Methods

AI algorithms

Which AI algorithms have the best accuracy for certain tasks
in drug detection?

Systematic literature review,
design science research

How promising is the application of unsupervised learning
algorithms for drug discovery? design science research

Should the explainability or accuracy of AI algorithms be prioritized
in drug discovery? Interviews

Which prediction accuracy is required to classify the algorithm
as reliable for drug discovery? Experiments, interviews

How can the explainability of specific algorithms
be increased?

Experiments, design
science research

Acceptance by
pharmacists and
customers

What is the current level of acceptance of pharmacists to use AI
for drug detection? Surveys

Which tasks will be performed by pharmacists and which
by AI in the future? Conceptual, experiments

Do patients trust drugs developed by AI? Surveys, interviews
How can pharmacists be trained for using AI effectively? Conceptual, experiments

Data management
and security

How can AI algorithms for drug discovery be protected against
malicious manipulation?

Conceptual, experiments,
design science research

Is there a danger of adversarial attacks and how can
these be avoided?

Experiments, design
science research

How should the data be stored to ensure efficient training of machine
learning algorithms? Survey, experiments

How can the data that is involved be protected against data theft? Survey, experiments

Law and regulation

How can data privacy regulations, such as HIPAA and GDPR,
be ensured? Conceptual

Does the drug approval process need to be adjusted in case of
an AI-based solution? Conceptual

Who is liable in case of a patient’s claims for damages? Conceptual
Is AI-assisted drug discovery compliant with the governance

principles of the pharmaceutical industry? Conceptual, interviews

How could quality assurance processes be ensured for a machine
learning algorithm? Conceptual

One method that might be particularly suitable to advance research is design science
research (DSR). DSR is a method that is commonly used in engineering and information
systems research. In general, DSR is concerned with the design of artifacts for an identified
problem [115,116]. Valuable results of DSR can be of different kinds and include both newly
designed sociotechnical artifacts and design knowledge that explains why certain artifacts
are valuable for a given context or application [112,113]. The design of an artifact can be
iterative and involve different steps, such as validity tests, evaluation, or experimenta-
tion [112]. Right now, DSR is a methodology that has not been applied within research
on AI applied for the discovery and development of drugs. This is surprising since AI
systems can be understood as technical artifacts. Given that, DSR might be a fitting research
paradigm that could guide researchers to conduct and present their research results on
AI-supported drug discovery. Although DSR might be uncommon to most researchers
outside of information systems and engineering, we, therefore, see a promising chance in
applying this method to that research field. This could also be realized by cooperating with
information systems or engineering scholars that are familiar with DSR.

3.2. Implications

By conducting a bibliometric analysis, we aimed to provide a holistic picture of
research dealing with the application of AI for drug discovery. To do so, we conducted
a performance analysis, showed the current development of key topics, and presented
promising future research avenues.
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Our results have several implications for both research and practice. First, our results
can help interested researchers and scholars to gain an initial understanding and overview
of the research dealing with AI methods in the context of drug discovery. This involves
the current development of this area, as well as the most investigated topics and tech-
nologies. Additionally, we pointed out several areas that might be addressed by future
researchers to help better understand the benefits, challenges, and implications of AI for
drug development. As the results and the future research area show, AI for drug discovery
is a research field characterized by a high degree of interdisciplinarity. There are still several
gaps that require interdisciplinary teams and contributions from many different disciplines.
Future research projects must therefore not be limited to scholars that belong to computer
science, medicine, or pharmacology. Instead, contributions can be made by researchers
from several disciplines.

Apart from researchers, practitioners in medicine or pharmacy can also use our find-
ings to get familiar with AI and its potentials. Not only the clinical practice can use our
findings, but also companies. AI not only can be used for existing processes and tasks
within companies, but it can also form the foundation for new business models or start-
ups [117]. Within the field of AI for drug discovery, too, start-ups emerged that aim to
develop new solutions. Entrepreneurs and companies that are interested in entering the
market of AI for drug discovery can use this article’s findings to gain an overview of
relevant topics and technologies used.

Our study might be subject to certain limitations. First, we used only Scopus as the
scientific database for our data collection. Although Scopus is among the most often used
databases and covers a large number of relevant outlets, it is likely that not all publications
that deal with AI for drug discovery are included in our sample. However, given the
large number of databases and outlets Scopus covers, we believe that this does not affect
the main findings of our study significantly. Nevertheless, it might be possible that the
usage of other databases might lead to slightly different results. Furthermore, AI is under
rapid development, and the number of articles investigating its use for drug discovery is
continually rising. Therefore, given the unpredictability of technological developments
in the future [118], the results of this article can only represent the current state of the
research. It is possible that new trends and technologies will appear that are not covered
by this analysis. Finally, we did not use all methods that belong to the methodological
toolbox of bibliometric studies. There are other techniques, such as citation analysis [119],
co-citation analysis [120], or bibliographic coupling [121,122], that are not part of this study.
The application of other methods might therefore lead to additional insights.

4. Materials and Methods

The following section describes the research method applied. The bibliometric ap-
proach we used can be divided into two parts. First, the bibliometric data were collected
from the database Scopus. This step is explained in the first subsection. After that, the
exported data were analyzed, as explained in the second subsection.

4.1. Data Collection

The first step of a bibliometric study is the collection of metadata that serve as the
foundation of the analysis [123]. Many bibliometric databases exist that differ in terms
of their functionalities and characteristics (for an overview, see [124]). Following the
recommendation of [22], we decided to rely on only one single database. The reason
for this decision is that every database has its own format of bibliometric data efforts to
combine different formats from different databases, and this can easily lead to errors [22].
Although many bibliometric databases do exist, Scopus and the Web of Science (WoS) are
among the most relevant ones [69,73]. Compared to the WoS, however, Scopus covers more
scientific journals [21]. Like the authors of other recent studies (see, e.g., [23,24,125,126]),
we, therefore, chose Scopus as the database for our data collection.
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Regarding the terms for our search string, we used [6] as a reference. Apart from
general terms such as “artificial intelligence” or “machine learn*”, we also searched for
more specific technologies, such as “fuzzy expert system” or “evolutionary computation”.
The search string’s second part consisted of the application we searched for, namely drug
detection. Apart from “detection”, we used “discovery” as a synonym. However, it
should be noted that studies dealing with the identification of illicit drugs are not part of
the final sample, as there is no intersection with drug discovery research. This resulted
in the following search string that was applied in Scopus to search the title, abstract,
and keywords:

((“Artificial intelligence” OR “Machine intelligence” OR “artificial neural network*”
OR “Machine learn*” OR “Deep learn*” OR “robotic” OR “thinking computer system”
OR “fuzzy expert system*” OR “evolutionary computation” OR “hybrid intelligent
system*”) AND (“drug detection” OR “drug discovery”))

We received 4398 documents as the first result. After the initial search, documents were
excluded based on different criteria. First, only English articles were further considered.
This led to the elimination of 39 documents. After that, 25 articles with undefined authors
were removed from the sample. Finally, we excluded documents based on their type. In
this step, only documents that were reviews, journal articles, or conference submissions
remained. These steps led to a final sample of 3884 documents that were further considered.
The overall process is depicted in Figure 6.
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Finally, the remaining sample of 3884 articles was imported in the CSV format for
further analysis. This process of data analysis is explained and outlined in the follow-
ing subsection.

4.2. Data Analysis

A broad variety of different tools exist that can help us analyze bibliometric data. For
our bibliometric analysis, we followed [69] and used two different tools in combination:
VOSviewer and Bibliometrix/Biblioshiny.

VOSviewer is a tool that was developed by the Centre for Science and Technology
Studies at Leiden University in the Netherlands [124,127]. VOSviewer is a widely known
application that has been applied in numerous bibliometric studies. It supports the construc-
tion of bibliometric networks consisting of publications, journals, or researchers. Further-
more, it allows for co-citation, bibliographic coupling, and co-authorship analysis [124,127].
Given these advantages, we decided that VOSviewer is a useful tool for our study. Next
to VOSviewer, we used the open-source R package Bibliometrix, which was developed
by [128]. Additionally, we complemented Bibliometrix with Biblioshiny. Biblioshiny is a tool
for the creation of bibliometric visualizations and analyses [124]. We used Bibliometrix and
Biblioshiny since these enable many different types and forms of analysis [124]. Although
Biblioshiny offers many different functionalities for the statistical analysis of bibliometric
data, we decided to complement it with VOSviewer since, as outlined above, this tool is
highly suitable for visualization purposes [69].
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5. Conclusions

AI is a group of technologies that are nowadays used and investigated for several use
cases. In the context of drug discovery, the usage of AI technologies is a topic of rising
interest. Due to its growth in the last years, AI for drug discovery is a research field that
consists of many different topics and articles. These contributions stem from researchers
from several countries and institutions. Due to the high number of contributions, the
research field on AI for drug discovery became increasingly complex and difficult to oversee.
With this article, we aimed to address this increasing complexity by giving an overview
of research on AI for drug discovery as a whole. To do so, our first research goal was to
investigate the present status of research on using AI for drug discovery and what topics
have been investigated in previous research. To do so, we conducted a bibliometric analysis
that consisted of 3884 articles published between 1991 and 2022. We applied a performance
analysis to identify the most productive institutions, countries, and funding sponsors.
Additionally, we used science mapping and thematic analysis to identify the core topics
and thematic areas.

Furthermore, it was our second goal to identify promising future research avenues
that can help to advance the field of AI for drug discovery. Based on the results of the
bibliometric study and content analysis, we outlined different directions, research questions,
and exemplary methods that can be applied by future scholars. Both the findings and the
future research opportunities indicate the multidisciplinary nature of AI and its applications
for understanding and discovering drugs. We hope that, with our findings and overview,
we have succeeded in providing a good foundation for interested researchers and scholars
from all disciplines to investigate this interesting and exciting topic.

Author Contributions: Conceptualization, E.K. and M.K.; methodology, E.K. and M.K.; software,
E.K. and M.K.; validation, E.K. and M.K.; formal analysis, E.K. and M.K.; investigation, E.K. and
M.K.; resources, E.K. and M.K.; data curation, E.K. and M.K.; writing—original draft preparation,
E.K. and M.K.; writing—review and editing, E.K. and M.K.; visualization, E.K. and M.K.; supervision,
E.K.; project administration, M.K.; funding acquisition, not applicable. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The data presented in this study are available in the article.

Acknowledgments: We acknowledge support by the Open Access Publication Fund of the University
of Duisburg-Essen.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Poduri, R. Historical Perspective of Drug Discovery and Development. In Drug Discovery and Development; Poduri, R., Ed.;

Springer: Singapore, 2021; pp. 1–10, ISBN 978-981-15-5533-6.
2. Roser, M.; Ortiz-Ospina, E.; Ritchie, H. Life Expectancy. Available online: https://ourworldindata.org/life-expectancy (accessed

on 29 October 2022).
3. Zanders, E.D. The Science and Business of Drug Discovery: Demystifying the Jargon, 2nd ed.; Springer: Cham, Switzerland, 2020;

ISBN 978-3-030-57813-8.
4. Weinstein, D.B.; France, D.S. Jumping into the 20th century before it is too late: Is laboratory robotics still in its infancy? J. Automat.

Chem. 1992, 14, 59–63. [CrossRef] [PubMed]
5. Coates, W.J.; Hunter, D.J.; MacLachlan, W.S. Successful implementation of automation in medicinal chemistry. Drug Discov. Today

2000, 5, 521–527. [CrossRef] [PubMed]
6. Tran, B.X.; Vu, G.T.; Ha, G.H.; Vuong, Q.-H.; Ho, M.-T.; Vuong, T.-T.; La, V.-P.; Ho, M.-T.; Nghiem, K.-C.P.; Nguyen, H.L.T.; et al.

Global Evolution of Research in Artificial Intelligence in Health and Medicine: A Bibliometric Study. J. Clin. Med. 2019, 8, 360.
[CrossRef] [PubMed]

https://ourworldindata.org/life-expectancy
http://doi.org/10.1155/S1463924692000142
http://www.ncbi.nlm.nih.gov/pubmed/18924929
http://doi.org/10.1016/S1359-6446(00)01571-3
http://www.ncbi.nlm.nih.gov/pubmed/11084388
http://doi.org/10.3390/jcm8030360
http://www.ncbi.nlm.nih.gov/pubmed/30875745


Pharmaceuticals 2022, 15, 1492 19 of 22

7. Jiang, J.; Ma, X.; Ouyang, D.; Williams, R.O. Emerging Artificial Intelligence (AI) Technologies Used in the Development of Solid
Dosage Forms. Pharmaceutics 2022, 14, 2257. [CrossRef]

8. Frankish, K.; Ramsey, W.M. (Eds.) The Cambridge Handbook of Artificial Intelligence; Cambridge University Press: Cambridge, UK,
2014; ISBN 9781139046855.

9. Vamathevan, J.; Clark, D.; Czodrowski, P.; Dunham, I.; Ferran, E.; Lee, G.; Li, B.; Madabhushi, A.; Shah, P.; Spitzer, M.; et al.
Applications of machine learning in drug discovery and development. Nat. Rev. Drug Discov. 2019, 18, 463–477. [CrossRef]

10. Bolton, E.E.; Wang, Y.; Thiessen, P.A.; Bryant, S.H. PubChem: Integrated Platform of Small Molecules and Biological Activities; Elsevier:
Amsterdam, The Netherlands, 2008; pp. 217–241, ISBN 9780444532503.

11. Kim, S.; Thiessen, P.A.; Bolton, E.E.; Chen, J.; Fu, G.; Gindulyte, A.; Han, L.; He, J.; He, S.; Shoemaker, B.A.; et al. PubChem
Substance and Compound databases. Nucleic Acids Res. 2016, 44, D1202-13. [CrossRef]

12. Han, L.Y.; Zheng, C.J.; Xie, B.; Jia, J.; Ma, X.H.; Zhu, F.; Lin, H.H.; Chen, X.; Chen, Y.Z. Support vector machines approach for
predicting druggable proteins: Recent progress in its exploration and investigation of its usefulness. Drug Discov. Today 2007, 12,
304–313. [CrossRef]

13. Heikamp, K.; Bajorath, J. Support vector machines for drug discovery. Expert Opin. Drug. Discov. 2014, 9, 93–104. [CrossRef]
14. Baskin, I.I.; Winkler, D.; Tetko, I.V. A renaissance of neural networks in drug discovery. Expert Opin. Drug. Discov. 2016, 11,

785–795. [CrossRef]
15. Tsubaki, M.; Tomii, K.; Sese, J. Compound-protein interaction prediction with end-to-end learning of neural networks for graphs

and sequences. Bioinformatics 2019, 35, 309–318. [CrossRef]
16. Chen, H.; Engkvist, O.; Wang, Y.; Olivecrona, M.; Blaschke, T. The rise of deep learning in drug discovery. Drug Discov. Today

2018, 23, 1241–1250. [CrossRef] [PubMed]
17. Lavecchia, A. Deep learning in drug discovery: Opportunities, challenges and future prospects. Drug Discov. Today 2019, 24,

2017–2032. [CrossRef]
18. Aliper, A.; Plis, S.; Artemov, A.; Ulloa, A.; Mamoshina, P.; Zhavoronkov, A. Deep Learning Applications for Predicting Pharma-

cological Properties of Drugs and Drug Repurposing Using Transcriptomic Data. Mol. Pharm. 2016, 13, 2524–2530. [CrossRef]
[PubMed]

19. Stokes, J.M.; Yang, K.; Swanson, K.; Jin, W.; Cubillos-Ruiz, A.; Donghia, N.M.; MacNair, C.R.; French, S.; Carfrae, L.A.; Bloom-
Ackermann, Z.; et al. A Deep Learning Approach to Antibiotic Discovery. Cell 2020, 180, 688–702.e13. [CrossRef] [PubMed]

20. Research and Markets. AI In Pharma Global Market Report 2022. Available online: https://www.prnewswire.com/news-
releases/ai-in-pharma-global-market-report-2022-301542906.html (accessed on 27 October 2022).

21. Paul, J.; Criado, A.R. The art of writing literature review: What do we know and what do we need to know? Int. Bus. Rev. 2020,
29, 101717. [CrossRef]

22. Donthu, N.; Kumar, S.; Mukherjee, D.; Pandey, N.; Lim, W.M. How to conduct a bibliometric analysis: An overview and
guidelines. J. Bus. Res. 2021, 133, 285–296. [CrossRef]

23. Tandon, A.; Kaur, P.; Mäntymäki, M.; Dhir, A. Blockchain applications in management: A bibliometric analysis and literature
review. Technol. Forecast. Soc. Chang. 2021, 166, 120649. [CrossRef]

24. Donthu, N.; Kumar, S.; Pattnaik, D. Forty-five years of Journal of Business Research: A bibliometric analysis. J. Bus. Res. 2020,
109, 1–14. [CrossRef]

25. Leung, X.Y.; Sun, J.; Bai, B. Bibliometrics of social media research: A co-citation and co-word analysis. Int. J. Hosp. Manag. 2017,
66, 35–45. [CrossRef]

26. Xu, X.; Chen, X.; Jia, F.; Brown, S.; Gong, Y.; Xu, Y. Supply chain finance: A systematic literature review and bibliometric analysis.
Int. J. Prod. Econ. 2018, 204, 160–173. [CrossRef]

27. Pritchard, A. Statistical bibliography or bibliometrics. J. Doc. 1969, 25, 348–349.
28. Wallin, J.A. Bibliometric methods: Pitfalls and possibilities. Basic Clin. Pharmacol. Toxicol. 2005, 97, 261–275. [CrossRef] [PubMed]
29. Sampietro, A.; Pérez-Areales, F.J.; Martínez, P.; Arce, E.M.; Galdeano, C.; Muñoz-Torrero, D. Unveiling the Multitarget Anti-

Alzheimer Drug Discovery Landscape: A Bibliometric Analysis. Pharmaceuticals 2022, 15, 545. [CrossRef] [PubMed]
30. Chiari, W.; Damayanti, R.; Harapan, H.; Puspita, K.; Saiful, S.; Rahmi, R.; Rizki, D.R.; Iqhrammullah, M. Trend of Polymer

Research Related to COVID-19 Pandemic: Bibliometric Analysis. Polymers 2022, 14, 3297. [CrossRef] [PubMed]
31. Franco, P.; Segelov, E.; Johnsson, A.; Riechelmann, R.; Guren, M.G.; Das, P.; Rao, S.; Arnold, D.; Spindler, K.-L.G.; Deutsch, E.; et al.

A Machine-Learning-Based Bibliometric Analysis of the Scientific Literature on Anal Cancer. Cancers 2022, 14, 1697. [CrossRef]
32. Khanra, S.; Dhir, A.; Kaur, P.; Mäntymäki, M. Bibliometric analysis and literature review of ecotourism: Toward sustainable

development. Tour. Manag. Perspect. 2021, 37, 100777. [CrossRef]
33. Danvila-del-Valle, I.; Estévez-Mendoza, C.; Lara, F.J. Human resources training: A bibliometric analysis. J. Bus. Res. 2019, 101,

627–636. [CrossRef]
34. Eulerich, M.; Kopp, R.; Fligge, B. Mergers and acquisitions research—A bibliometric analysis. Eur. Manag. J. 2022, in press.

[CrossRef]
35. Khanra, S.; Dhir, A.; Mäntymäki, M. Big data analytics and enterprises: A bibliometric synthesis of the literature. Enterp. Inf. Syst.

2020, 14, 737–768. [CrossRef]
36. Bhatt, Y.; Ghuman, K.; Dhir, A. Sustainable manufacturing. Bibliometrics and content analysis. J. Clean. Prod. 2020, 260, 120988.

[CrossRef]

http://doi.org/10.3390/pharmaceutics14112257
http://doi.org/10.1038/s41573-019-0024-5
http://doi.org/10.1093/nar/gkv951
http://doi.org/10.1016/j.drudis.2007.02.015
http://doi.org/10.1517/17460441.2014.866943
http://doi.org/10.1080/17460441.2016.1201262
http://doi.org/10.1093/bioinformatics/bty535
http://doi.org/10.1016/j.drudis.2018.01.039
http://www.ncbi.nlm.nih.gov/pubmed/29366762
http://doi.org/10.1016/j.drudis.2019.07.006
http://doi.org/10.1021/acs.molpharmaceut.6b00248
http://www.ncbi.nlm.nih.gov/pubmed/27200455
http://doi.org/10.1016/j.cell.2020.01.021
http://www.ncbi.nlm.nih.gov/pubmed/32084340
https://www.prnewswire.com/news-releases/ai-in-pharma-global-market-report-2022-301542906.html
https://www.prnewswire.com/news-releases/ai-in-pharma-global-market-report-2022-301542906.html
http://doi.org/10.1016/j.ibusrev.2020.101717
http://doi.org/10.1016/j.jbusres.2021.04.070
http://doi.org/10.1016/j.techfore.2021.120649
http://doi.org/10.1016/j.jbusres.2019.10.039
http://doi.org/10.1016/j.ijhm.2017.06.012
http://doi.org/10.1016/j.ijpe.2018.08.003
http://doi.org/10.1111/j.1742-7843.2005.pto_139.x
http://www.ncbi.nlm.nih.gov/pubmed/16236137
http://doi.org/10.3390/ph15050545
http://www.ncbi.nlm.nih.gov/pubmed/35631371
http://doi.org/10.3390/polym14163297
http://www.ncbi.nlm.nih.gov/pubmed/36015553
http://doi.org/10.3390/cancers14071697
http://doi.org/10.1016/j.tmp.2020.100777
http://doi.org/10.1016/j.jbusres.2019.02.026
http://doi.org/10.1016/j.emj.2022.09.006
http://doi.org/10.1080/17517575.2020.1734241
http://doi.org/10.1016/j.jclepro.2020.120988


Pharmaceuticals 2022, 15, 1492 20 of 22

37. Russell, S.J.; Norvig, P.; Davis, E.; Edwards, D. Artificial Intelligence: A Modern Approach, 3rd ed.; Global edition; Pearson: London,
UK, 2016; ISBN 9781292153964.

38. Russell, S.J.; Norvig, P. Artificial Intelligence: A Modern Approach, 4th ed.; Global edition; Pearson: London, UK, 2020.
39. McCulloch, W.S.; Pitts, W. A logical calculus of the ideas immanent in nervous activity. Bull. Math. Biophys. 1943, 5, 115–133.

[CrossRef]
40. Haenlein, M.; Kaplan, A. A Brief History of Artificial Intelligence: On the Past, Present, and Future of Artificial Intelligence. Calif.

Manag. Rev. 2019, 61, 5–14. [CrossRef]
41. Goodfellow, I.; Bengio, Y.; Courville, A. Deep Learning; MIT Press: Cambridge, UK; London, UK, 2016.
42. Kureljusic, M.; Reisch, L. Revenue forecasting for European capital market-oriented firms: A comparative prediction study

between financial analysts and machine learning models. COC 2022, 19, 159–178. [CrossRef]
43. Leitner-Hanetseder, S.; Lehner, O.M.; Eisl, C.; Forstenlechner, C. A profession in transition: Actors, tasks and roles in AI-based

accounting. JAAR 2021, 22, 539–556. [CrossRef]
44. Taulli, T. Artificial Intelligence Basics: A Non-Technical Introduction, 1st ed.; Apress: Berkeley, CA, USA, 2019; ISBN 978-1-4842-5028-0.
45. Shalev-Shwartz, S.; Ben-David, S. Understanding Machine Learning: From Theory to Algorithms; Cambridge University Press:

Cambridge, UK, 2014; ISBN 9781107057135.
46. Searle, J.R. Minds, brains, and programs. Behav. Brain Sci. 1980, 3, 417–424. [CrossRef]
47. Adams, S.; Arel, I.; Bach, J.; Coop, R.; Furlan, R.; Goertzel, B.; Hall, J.S.; Samsonovich, A.; Scheutz, M.; Schlesinger, M.; et al.

Mapping the Landscape of Human-Level Artificial General Intelligence. AI Mag. 2012, 33, 25–42. [CrossRef]
48. van Gerven, M. Computational Foundations of Natural Intelligence. Front. Comput. Neurosci. 2017, 11, 112. [CrossRef]
49. Dingli, A.; Haddod, F.; Klüver, C. Artificial Intelligence in Industry 4.0; Springer International Publishing: Cham, Switzerland, 2021;

ISBN 978-3-030-61044-9.
50. Braga, A.; Logan, R. The Emperor of Strong AI Has No Clothes: Limits to Artificial Intelligence. Information 2017, 8, 156. [CrossRef]
51. Franklin, S. History, motivations, and core themes. In The Cambridge Handbook of Artificial Intelligence; Frankish, K., Ramsey, W.M.,

Eds.; Cambridge University Press: Cambridge, UK, 2014; pp. 15–33, ISBN 9781139046855.
52. LeCun, Y.; Bengio, Y.; Hinton, G. Deep learning. Nature 2015, 521, 436–444. [CrossRef]
53. Libbrecht, M.W.; Noble, W.S. Machine learning applications in genetics and genomics. Nat. Rev. Genet. 2015, 16, 321–332.

[CrossRef]
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