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Abstract 

Today, drug discovery and development is one of the fields where Artificial Intelligence (AI) is used extensively. 
Therefore, this study aims to systematically analyze the scientific literature on the application of AI in drug discov-
ery and development to understand the evolution, trends, and key contributors within this rapidly growing field. 
By leveraging various bibliometric indicators and visualization techniques, we seek to explore the growth patterns, 
influential authors and institutions, collaboration networks, and emerging research trends within this domain. Biblio-
metric and network analysis methods (co-occurrence, co-authorship, and collaboration, etc.) were used to achieve 
this goal. Bibliometric visualization tools such as Bibliometrix R package software, VOSviewer, and Litmaps were used 
for comprehensive data analysis. Scientific publications on AI in drug discovery and development were retrieved 
from the Web of Science Core Collection (WoS CC) database covering 1990–2023. In addition to visualization pro-
grams, the InCites database was also used for analysis and visualization. A total of 4059 scientific publications written 
by 13,932 authors and published in 1071 journals were included in the analysis. The results reveal that the most pro-
lific authors are Ekins (n = 67), Schneider (n = 52), Hou Tj (n = 43), and Cao Ds (n = 34), while the most active institutions 
are the “Chinese Academy of Science” and “University of California.” The leading scientific journals are “Journal of Chem-
ical Information and Modelling,” “Briefings in Bioinformatics,” and “Journal of Cheminformatics.” The most frequently 
used author keywords include “protein folding,” “QSAR,” “gene expression data,” “coronavirus,” and “genome rearrange-
ment.” The average number of citations per scientific publication is 28.62, indicating a high impact of research in this 
field. A significant increase in publications was observed after 2014, with a peak in 2022, followed by a slight decline. 
International collaboration accounts for 28.06% of the publications, with the USA and China leading in both pro-
ductivity and influence. The study also identifies key funding organizations, such as the National Natural Science 
Foundation of China (NSFC) and the United States Department of Health & Human Services, which have signifi-
cantly supported advancements in this field. In conclusion, this study highlights the transformative role of AI in drug 
discovery and development, showcasing its potential to accelerate innovation and improve efficiency. The findings 
provide valuable insights into the current state of research, emerging trends, and future directions, offering a road-
map for researchers, industry professionals, and policymakers to further explore and leverage AI technologies in this 
domain.
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Introduction
The discovery and development of new drugs is a com-
plex, time-consuming, and resource-intensive pro-
cess, often taking years and costing billions of dollars 
[1]. In this context, integrating AI techniques into drug 
discovery and development has emerged as a promis-
ing approach to address these challenges and accelerate 
innovation [2, 3].

The term “artificial intelligence” was first coined by 
John McCarthy [4] in 1956 during the Dartmouth Con-
ference, a seminal event widely considered the birthplace 
of AI as a field of academic study [4]. Specifically, McCa-
rthy used the term when organizing the conference, 
which brought together leading researchers to explore 
the possibility of creating machines that could simulate 
human intelligence. The first major AI application spe-
cifically targeting drug discovery was MYCIN, developed 
at Stanford between 1972 and 1976 [5]. While primar-
ily designed as a medical diagnosis system for bacterial 
infections, MYCIN demonstrated how rule-based expert 
systems could assist in medical decision-making, laying 
crucial groundwork for future AI applications in pharma-
ceutical research.

By the 1980s, researchers began more systemati-
cally exploring AI techniques like machine learning and 
expert systems for identifying potential drug candidates, 
molecular modeling, and predicting drug interactions. 
This period marked the beginning of computational 
approaches that would eventually evolve into today’s 
sophisticated AI-driven drug discovery platforms [6, 7].

AI encompasses a wide range of computational meth-
ods and techniques, including machine learning, deep 
learning, natural language processing, and computer 
vision [6, 8]. These techniques have demonstrated 
remarkable potential in various drug discovery and 
development pipeline stages, such as virtual screening, 
lead optimization, predictive modeling, and clinical trial 
design [3, 9]. By leveraging the ability of AI to process 
and analyze vast amounts of data, identify patterns, and 
make predictions, researchers can gain valuable insights, 

streamline decision-making processes, and ultimately 
enhance the efficiency and effectiveness of drug discov-
ery efforts [7, 10].

Computer-aided drug design (CADD) and AI in drug 
discovery are both computational approaches to accel-
erate the drug development process, but they differ in 
their core methodologies. CADD encompasses a broader 
range of techniques, often based on established scien-
tific principles and equations, to design and optimize 
drug molecules. AI, particularly machine learning, uti-
lizes algorithms that learn complex patterns from large 
datasets to make predictions and decisions, offering the 
potential to uncover new insights and handle more com-
plex scenarios than traditional CADD methods. While 
CADD emphasizes molecular design, AI is expanding 
into areas like target identification and clinical trial pre-
diction. Both approaches, however, share the common 
goals of predicting molecular properties, optimizing 
drug-target interactions, and ultimately, developing more 
effective and safer medicines. They are often used syn-
ergistically, leveraging the strengths of each approach to 
maximize the efficiency and success of drug discovery [2, 
11].

As the application of AI in drug discovery and develop-
ment continues to grow, it is crucial to assess the field’s 
current state, identify emerging trends, and understand 
the impact of AI on various aspects of the pharmaceutical 
industry. Bibliometric analysis, which involves the quan-
titative study of published literature, provides a power-
ful tool to achieve these objectives [12, 13]. By analyzing 
the bibliometric data related to AI in drug discovery and 
development, researchers can gain insights into the evo-
lution of this field, the most influential publications, the 
key players driving innovation, and the potential future 
directions [14].

The primary aim of this study is to systematically ana-
lyze the scientific literature on the application of artificial 
intelligence (AI) in drug discovery and development to 
understand the evolution, trends, and key contributors 
within this rapidly growing field. By leveraging various 

Scientific contributionThis study provides a comprehensive bibliometric analysis of 4,059 scientific publications 
(1990–2023) to map the evolution, trends, and key contributors in AI-driven drug discovery, identifying prolific 
authors (e.g., Ekins, Schneider), leading institutions (e.g., Chinese Academy of Sciences, University of California), 
and high-impact journals (Journal of Chemical Information and Modelling). It reveals critical collaboration patterns 
(28.06% international co-authorships), dominant funding sources (e.g., NSFC, NIH), and emerging research hotspots 
(e.g., protein folding, QSAR, coronavirus), while highlighting the transformative role of deep learning post-2014. By syn-
thesizing these insights, the study offers a strategic roadmap for researchers and policymakers to optimize AI applica-
tions in drug development, addressing both current challenges and future opportunities in the field.
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bibliometric indicators and visualization techniques, we 
seek to explore the growth patterns, influential authors 
and institutions, collaboration networks, and emerging 
research trends within this field. The findings from this 
analysis will contribute to a better understanding of the 
role of AI in drug discovery and development and pro-
vide valuable insights for researchers, industry profes-
sionals, and policymakers involved in this domain. AI is 
based on creating machines that think like humans and 
is seen as the pinnacle of science [15]. AI (AI), which 
emerged in different fields in the twenty-first century, has 
become a trend in many fields, such as medicine, science, 
and business [16] and has also manifested itself in medi-
cine. AI-based algorithms are particularly well suited 
for problems where the physical laws that determine the 
molecular properties to be predicted are not fully known 
or are too complex to establish experimental relation-
ships [9, 11]. AI-based approaches are utilized in many 
fields. One of these areas is drug development.

AI has revolutionized computer science, medicine, 
economics, engineering, and many other disciplines. 
Especially in health sciences, the potential of AI is used 
in a wide range of fields, from the diagnosis of diseases 
to the development of treatment methods [17]. The drug 
discovery and development process benefits significantly 
from AI technologies, enabling the rapid discovery of 
new drug candidates, improving drug efficacy and safety 
profile, and optimizing development processes [9, 18].

Since 1990, there has been a dramatic increase in 
the number of studies on AI and drug discovery. This 
increase has been driven by advances in the capacity of 
deep learning, machine learning, and other advanced AI 
techniques to process biomedical data [19, 11]. However, 
the literature in this field needs to be analyzed compre-
hensively and systematically. Bibliometric analyses of 
4059 articles on AI and drug discovery in the WoS CC 
database form the basis of this study.

While the literature on the applications of artificial 
intelligence in drug discovery and development processes 
is gradually expanding, bibliometric studies that com-
prehensively examine research trends in this field have 
also been carried out. Tran et al. [10] analyzed publica-
tions between 1990 and 2020, revealing the historical 
development of the field and the main research clusters. 
Yang et  al. [20] examined the current trends and col-
laboration networks in AI-assisted drug development 
research, focusing on the period 2014–2019. Zhang 
et al. [11] analyzed publications between 2000 and 2021 
and evaluated methodological developments and appli-
cation areas in the field. Our current study updates and 
extends these previous bibliometric analyses and pro-
vides a more up-to-date analysis covering the period up 
to 2023. It also examines the role of AI in drug discovery 

and development processes using more detailed sub-
categories and new analytical approaches. While bib-
liometric analysis is seen as inevitable for many fields in 
this concept [21, 22], academic studies on the impact of 
AI applications in medicine should be examined through 
bibliometric analysis. The increasing popularity and 
widespread use of AI causes the subject to become a need 
in terms of health.

Overall, these papers highlight the importance of AI in 
improving Drug Discovery and emphasize the need for 
further research in this area.

This study aims to address critical questions, including:

• Which scientific journals are most influential in this 
field?

• Who are the leading authors contributing to AI-
driven drug discovery?

• What are the most cited articles?
• Which keywords dominate the research landscape?
• Which institutions and countries lead in AI research 

for drug discovery?
• What are the primary funding sources supporting 

these advancements?

The core research question is: How has the field of AI 
in drug discovery and development evolved, and what 
are the key trends, influential contributors, and areas of 
focus within this research domain?

Method
The related subject is analyzed statistically and math-
ematically in bibliometrics, and a framework is drawn 
for the course. In addition, bibliometric analysis can also 
reveal the effectiveness of studies conducted through sta-
tistical data [23]. Since it is necessary to use one of the 
appropriate research methods for evaluation and pre-
diction, bibliometric analysis is one of the analyses that 
serves this purpose. Bibliometrics is used as a type of 
analysis that systematically analyses datasets [13, 24]. 
This type of analysis requires a systematic literature 
review and meaningful structuring of a large data set 
[13]. Bibliometric analysis is a method used to analyze 
studies in a particular field, and its use has increased in 
recent years.

The data for this study were retrieved from the Web of 
Science Core Collection (WoS CC) online database on 
21.11.2023. The choice of WoS CC as the primary data 
source for this bibliometric analysis is justified by several 
key factors that distinguish it from other scientific data-
bases such as Scopus, PubMed, and Google Scholar.

Firstly, WoS CC is renowned for its comprehensive 
coverage of high-quality, peer-reviewed journals across a 
wide range of disciplines, including science, technology, 
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medicine, and social sciences. This extensive cover-
age ensures that the dataset used in this study is both 
robust and representative of the global research output 
in the field of AI in drug discovery and development. 
Unlike Google Scholar, which includes a broader range of 
sources including preprints and less rigorously reviewed 
content, WoS CC maintains a stringent selection process 
for journal inclusion, which enhances the reliability and 
credibility of the data [25].

Secondly, WoS CC provides advanced bibliometric 
tools and metrics that are specifically designed for large-
scale bibliometric analyses. These tools allow for detailed 
tracking of citation networks, collaboration patterns, and 
research trends over time. The ability to generate precise 
citation metrics and visualize complex bibliometric net-
works is a significant advantage of WoS CC over other 
databases, which may not offer the same level of analyti-
cal depth [12].

However, it is important to acknowledge the limita-
tions of relying solely on WoS CC. One of the primary 
challenges is the potential exclusion of relevant stud-
ies that may be indexed in other databases such as Sco-
pus or PubMed. Scopus, for instance, is known for its 
broader coverage of international journals, particularly 
in non-English speaking countries, which could provide 
additional insights into global research trends. Similarly, 
PubMed is a critical resource for biomedical research, 
and its exclusion might result in the omission of impor-
tant studies in the field of drug discovery.

Moreover, integrating data from multiple databases 
presents its own set of challenges. Differences in index-
ing criteria, citation tracking methods, and data formats 
can complicate the harmonization of datasets, leading 
to potential inconsistencies in the analysis. For exam-
ple, Google Scholar includes a wider range of document 
types, such as conference papers and theses, which can 
introduce noise into the dataset and make it difficult to 
compare findings across databases. Additionally, the lack 
of standardized metadata across different platforms can 
hinder the accurate identification of authors, institutions, 
and funding sources, which are crucial for bibliometric 
analyses.

Despite these challenges, the decision to use WoS CC 
as the primary data source for this study is based on its 
established reputation for quality and its advanced ana-
lytical capabilities. While the inclusion of additional 
databases could provide a more comprehensive view 
of the research landscape, the complexities involved in 
integrating and harmonizing data from multiple sources 
would likely outweigh the benefits in this context. There-
fore, WoS CC was chosen as the most suitable tool for 
conducting a detailed and reliable bibliometric analysis of 
AI in drug discovery and development.

The search strategy of this study was meticulously 
designed to ensure the retrieval of relevant publica-
tions. The Advanced Search feature of WoS CC was 
utilized to construct a comprehensive query that cap-
tures the breadth of research on AI in drug discovery 
and development. The search query was structured as 
follows:

WoS CC Advanced Search Query: (TS = (“deep-Learn*” 
OR “machine learn*” OR “deep learn*” OR “AI” OR “arti-
ficial neural network*” OR “deep neural network*”)) AND 
(TS = (“drug discovery”)) AND (PY = 1990–2023). “TS” 
refers to the Topic field, which searches titles, abstracts, 
author keywords, and Keywords Plus. The asterisk (*) was 
used as a wildcard to capture variations of the terms (e.g., 
“deep learning” and “deep learnings”). The time frame 
was restricted to publications between 1990 and 2023 
to capture the evolution of AI in drug discovery over the 
past three decades.

The time horizon for the research was set as 1990–2023 
and this decision was based on the following criteria:

• Technological evolution:  The time frame from 1990 
to 2023 allows for the analysis of the evolution of AI 
technologies in drug discovery, from early rule-based 
systems to contemporary deep learning models. This 
period captures the transition from traditional com-
putational approaches to more sophisticated AI-
driven methods, providing a comprehensive view of 
the field’s development.

• Recent trends:  Including the year 2023 ensures that 
the most recent advancements and trends in AI-
driven drug discovery are captured. This is particu-
larly important given the rapid pace of innovation 
in AI and its increasing impact on pharmaceutical 
research in recent years.

• Data availability: The WoS CC database provides 
comprehensive coverage of scientific literature from 
1990 onwards, ensuring that the dataset used in this 
study is both extensive and reliable. By limiting the 
search to this time frame, we ensure that the analysis 
is based on a consistent and well-documented data-
set.

To ensure the accuracy and reproducibility of the 
search results, the following steps were taken:

1. Indexing and filtering:  The search results were 
indexed using WoS CC’s built-in indexing tools, 
which allow for the exclusion of irrelevant docu-
ment types such as editorials, letters, and meeting 
abstracts. Only peer-reviewed articles, conference 
papers, and reviews were included in the final data-
set.
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2. Inclusion and exclusion criteria: After the screening 
process, a total of 4059 articles were included in the 
final dataset. During the screening process, 110 arti-
cles were excluded based on the inclusion and exclu-
sion criteria

– Inclusion criteria:  Publications must focus on the 
application of AI technologies in drug discovery 
and development. Only peer-reviewed articles, 
conference papers, and reviews published between 
1990 and 2023 were included. Studies that explic-
itly mention methodologies related to AI, such as 
machine learning, deep learning, or neural net-
works, were prioritized.

– Exclusion criteria: Articles not related to drug dis-
covery or development were excluded. Publications 
that do not utilize AI methods or technologies were 
also omitted. Duplicates and non-English publica-
tions were filtered out during the data collection 
process.

3. Data extraction:  Metadata from the selected docu-
ments, including active authors, journal sources, 
countries, institutions, and funding sources, were 
directly accessed from the WoS CC database. This 
metadata was exported in plain text and tab delim-
ited formats for further analysis.

4. Data processing and cleaning: The raw data exported 
from WoS CC [26] and InCites [27] underwent a rig-
orous cleaning and preprocessing phase to ensure the 
accuracy and consistency of the dataset. The follow-
ing steps were taken during this phase:

– Duplicate removal:  Duplicate entries were iden-
tified and removed using automated scripts and 
manual verification to ensure that each publication 
was represented only once in the dataset.

– Keyword normalization:  Author keywords and 
Keywords Plus were normalized to account for syn-
onyms and variations. For instance, “machine learn-
ing” and “ML” were treated as equivalent terms.

5. Data analysis tools: The analysis was conducted using 
several specialized tools:

– Bibliometrix package[28]: This tool was used to 
construct and visualize bibliometric networks, per-
form co-authorship analysis, create keyword co-
occurrence networks, and generate density visuali-
zations and cluster analyses.

– VOSviewer[29]: This software was used to convert 
raw data into structured bibliometric data frames, 
generate descriptive analyses of bibliographic 

attributes, and create citation networks and collab-
oration patterns.

– Litmaps[30]: This platform was used to create inter-
active visualizations of citation networks, identify 
key literature and research fronts, and map knowl-
edge flows between publications.

The methodological procedures adopted in this study 
were designed to ensure transparency and reproduc-
ibility. By providing a detailed description of the search 
strategy, inclusion and exclusion criteria, and data analy-
sis tools, this study aims to enable other researchers to 
replicate the method and conduct similar bibliometric 
analyses in the future.

Results
The findings of the bibliometric analysis conducted 
within the scope of the study are presented in this sec-
tion. The results are organized into several subsections, 
each focusing on a specific aspect of the research, includ-
ing general information about the dataset, authorship 
patterns, collaboration networks, keyword analysis, 
and institutional contributions. These findings provide 
a comprehensive overview of the evolution, trends, and 
key contributors in the field of AI in drug discovery and 
development.

General information
The dataset used in this study comprises 4059 docu-
ments published between 1990 and 2023, retrieved from 
the Web of Science Core Collection (WoS CC) database. 
These documents were written by 13,932 authors and 
published in 1071 journals. The average annual growth 
rate of publications in this field is 6.5%, indicating a 
steady increase in research activity over the past three 
decades. The average number of citations per document 
is 28.62, reflecting the high impact of research in this 
domain.

Table  1 provides an overview of the dataset, includ-
ing key bibliometric indicators such as the number of 
sources, documents, authors, and international collabo-
rations. The dataset includes 5869 Keywords Plus (ID) 
and 6592 author keywords (DE), which were used to 
identify research themes and trends. The analysis reveals 
that 28.06% of the documents involve international co-
authorships, highlighting the global nature of research in 
this field.

The graph shows the number of WoS CC documents 
published and the number of times those documents 
were cited, both related to AI, from 1992 to 2023.

Figure 1 reveals a steady increase in both metrics from 
the early 2000s until around 2014. This suggests a gradual 
growth of interest and research in AI during that period. 
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However, a significant shift occurred in 2014, with a 
sharp spike in published documents and citations. This 
dramatic increase indicates a surge in the popularity and 
impact of AI research.

The trend of increasing citations is particularly notable 
after 2018, with a steep upward trajectory. This signifies 
AI research’s growing influence and significance within 
the scientific community. The rapid acceleration of cita-
tions suggests that AI research increasingly produces 
impactful and influential work.

Overall, the graph provides a visual representation of 
the rapid rise of AI as a field of study and its increasing 
impact on various scientific disciplines.

The trend of the journal impact factor quartile of arti-
cles is shown in Fig. 2. From 2016 to 2021, the number of 
documents in Q1 articles showed a rapid growth trend; 
after 2017, the number of documents in Q1 increased 
steadily. For the first time, a decrease in the number of 
publications was observed after 2022. This means that 

Table 1 Overview of the dataset (Bibliometrix & R software, 
2024)

Description Results

Main Information about the Data

 Time interval 1990:2023

 Sources (Journals, Books, etc.) 1071

 Documents 4059

 Annual Growth Rate % 6.5

 Average citations per document 28.62

Document Content

 Keywords Plus (ID) 5869

 Author’s Keywords (DE) 6592

Authors

 Authors 13,932

 Authors of single-author documents 215

 Co-authors per Document 5.29

 International co-authorships % 28.06

Fig. 1 Distribution of WOS Articles and Citations on AI and Drug Discovery between 1990 and 2023 (n = 4059) [16]

Fig. 2 Distribution of Documents in Q1, Q2, Q3 and Q4 Journals in the Field of AIand Drug Discovery between 1990 and 2023 [16]
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scientific journals have started to reduce their acceptance 
rates in this field. The lowest rate in this field is for papers 
in the Q4 category. This indicator shows the popularity of 
this field.

WoS CC was used to identify and categorise citation 
topics rigorously. All findings from the search query were 
included in the Review without further filtering. Citation 
topics were narrowly focused and categorized according 
to the classifications recently published by the WoS CC, 
covering more than 2500 detailed citation topics. This 
categorization operates hierarchically below the WoS CC 
subject categories and citation topics at a broader level. It 
provides a precise and unbiased assessment of the tech-
nologies used in the search query.

Figure  3 presents the most frequently mentioned 
micro-citation topics in articles where AI and drug dis-
covery are used together. These topics were identified 
using the WoS Citation Index, which categorizes citation 
topics hierarchically. The most represented topics include 
“protein folding,” “QSAR” (Quantitative Structure-Activ-
ity Relationship), “gene expression data,” “coronavirus,” 
and “genome rearrangement.” These topics reflect the 
key areas of research within the field of AI-driven drug 
discovery

Authorship patterns
The analysis of authorship patterns in this study lever-
ages Lotka’s Law [31], a foundational principle in bib-
liometrics that describes the distribution of scientific 
productivity among authors in a given field. Lotka’s Law 
posits that a small proportion of authors contribute the 

majority of publications, following an inverse square 
relationship. Specifically, the law predicts that approxi-
mately 60% of authors will publish one paper, 15% will 
publish two papers, 7% will publish three papers, and 
so on, with productivity decreasing exponentially as the 
number of publications per author increases.

Table  2 and Fig.  4 illustrate how the productivity of 
authors in AI-driven drug discovery aligns with Lotka’s 
Law. The results show that 75% of authors contributed 
a single publication, 14% contributed two publications, 
and 4% contributed three publications. While these val-
ues slightly deviate from the theoretical predictions of 
Lotka’s Law (e.g., 60% for one publication), the overall 
trend confirms the law’s applicability to this field. Such 
deviations are common in empirical studies and may 
reflect the collaborative nature of modern research, 
where teams often produce multiple works collectively.

By applying Lotka’s Law, this study not only validates 
its relevance to AI in drug discovery but also provides 
a framework for identifying influential researchers and 
understanding productivity dynamics in rapidly evolv-
ing scientific domains.

Figure  5a highlights the most prolific authors in the 
field, with Ekins (n = 67), Schneider (n = 52), Hou Tj 
(n = 43), and Cao Ds (n = 34) being the leading contrib-
utors. These authors account for 29.8% of the total pub-
lications in the dataset, underscoring their significant 
influence on the field.

Figure 5b shows the most cited authors, with Schnei-
der G, Zhavoronkov A, and Ekins S leading in terms of 
citation impact. Their work collectively accounts for 
25.9% of the total citations in the dataset, indicating 
their substantial contribution to the advancement of AI 
in drug discovery.

Figure  5c is a co-authorship network showcasing the 
most prolific authors within AI and drug discovery and 

Fig. 3 Most frequently mentioned micro-citation topics in Articles 
where AI and Drug Discovery are used together. (WoS CC, 2023)

Table 2 Lotka’s Law and Author Productivity Ratio (Bibliometrix 
& R software, 2023)

Number of articles Number of authors Proportion 
of authors

1 10,773 0.773

2 1761 0.126

3 623 0.045

4 272 0.02

5 142 0.01

6 97 0.007

7 67 0.005

8 50 0.004

9 31 0.002

10 29 0.002
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their collaborations. It depicts a complex web of connec-
tions, highlighting the collaborative nature of research 
in this domain. Authors with more connections, such as 
“Ekins Sean,” indicate more significant research activity 
and collaborative engagement within the field.

We can observe several distinct clusters within the 
network, each representing a group of authors with a 
high degree of interconnectedness. For example, a large, 
bright blue cluster centers around “Zheng, Mingyue” and 
“Engkvist, Ola,” suggesting a solid collaboration within a 
specific area of research, potentially related to machine 
learning applications in drug discovery. Another promi-
nent cluster, in shades of orange, features “Hou, Tingjun,” 
“Cao, Dongsheng,” and “Wu, Zhenxing,” potentially rep-
resenting a group focused on developing novel AI algo-
rithms for drug design or analysis. The cluster in green, 
with “Ekins, Sean” at its heart, may indicate a group con-
centrating on target identification or drug repurposing.

These distinct clusters suggest that the research field 
is multifaceted, encompassing diverse subfields or meth-
odologies. While some research groups exhibit a more 
significant number of connections, suggesting stronger 
collaborations and a broader network within the field, 
others appear more focused and less collaborative. Over-
all, the graph highlights the significant collaborative 
nature of the research field, showcasing its structural 
characteristics by visualizing the relationships between 
different research groups and patterns of collaboration.

Figure 6 illustrates the key milestones in the application 
of AI in drug discovery from 1990 to 2023. Early studies, 
such as Ballester et  al. [32], pioneered machine learn-
ing integration, while Lecun et  al. [33] advanced deep 
learning techniques, significantly enhancing predictive 

modeling. Öztürk et al. [34] and Chen et al. [2] contrib-
uted to AI’s growing role in optimizing drug-target inter-
actions and accelerating research efficiency.

After 2015, AI applications in drug discovery saw rapid 
growth, peaking around 2020–2022. However, a slight 
decline in publications after 2022 suggests a shift toward 
more refined and high-quality research. AI continues to 
evolve, offering more sophisticated applications in phar-
maceutical innovation and personalized medicine.

Articles
The top 20 most cited papers are presented in Table  3. 
The Article with the highest number of citations was 
published by Lecun Y in Nature in 2015 (Total cita-
tions = 20,779), followed by Ching T published in J R Soc 
Interface in 2018 (total citations = 924), and Vamatheva 
N J published in Nat Rev Drug Discovery in 2019 with 
907 citations. Therefore, total citations are included in 
Table  3 to help researchers quickly identify highly cited 
published papers. These high-impact publications pro-
vide a quick overview of the field and broaden research-
ers’ perspectives.

Litmaps, an advanced science discovery platform 
known for its visual citation navigation, was used for this 
study. This platform offers an interface that facilitates the 
discovery of scientific literature, allowing researchers to 
delve deep into the research area and uncover intricately 
linked articles within maps. Litmaps also provides con-
venient options for quickly importing articles through 
various means such as reference manager, keyword 
search, ORCID ID, DOI, or using a seed article [35].

Litmaps helps researchers to do literature reviews 
concisely and systematically. It helps to find related or 

Fig. 4 Lotka’s Law and Author Productivity Rate. (Bibliometrix & R software, 2023)
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relevant studies through the seed article. This will include 
some direct references, citations, and citations and refer-
ences of your Seed Article. Litmaps provides functions 
for visualizing literature maps covering important papers 
on specific research areas through various visualization 

modes. In particular, papers with higher citation counts 
are represented by larger circles, where the node’s size 
is proportional to the logarithm of the citation count. In 
Figs. 7a and b, the Seed Maps show the top 20 citations 
and references related to a single article.

Fig. 5 a Top 25 authors publishing the most AI papers in Drug Discovery from 1991 to 2024. (InCites, 2024). b Top 25 Authors publishing the most 
AI citations in Drug Discovery from 1991 to 2024. (InCites, 2024). c Collaboration Graph of authors working in the field of Drug Discovery Using AI. 
(VOSviever, 2023)
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According to these graphs, the change of other authors 
citing Ekins (2007) and Schneider (2005), who published 
the most AI articles in the field of Drug Discovery from 
1991 to 2024, is shown.

Figure 7a shows the publication history of authors cit-
ing a specific paper by Ekins in 2007. The graph shows 
that the paper has been cited by numerous authors 
over the years, with the earliest citation dating back to 
2005 and the most recent citations occurring in 2023. 
The graph suggests that Ekins’ work has significantly 
impacted the field, as many authors have cited it over 
nearly 20 years. The graph also highlights the importance 
of citing previous work to ensure knowledge advance-
ment and recognize the contributions of those who came 
before.

Figure  7b shows a citation network for a paper pub-
lished in 2005 by Schneider [36]. The network map shows 
that numerous researchers across various fields have 
cited the paper, and it has been particularly influential 
in the years since its publication. The network map sug-
gests that Schneider’s paper has made a significant con-
tribution to the field and has been cited by a wide range 
of authors over nearly 20 years. The graph also highlights 
the importance of citing previous work to ensure knowl-
edge advancement and recognize the contributions of 
those who came before.

Scientific journals
Figure 8a and b show the trend of AI articles in Drug Dis-
covery journals and reveal the decreasing or increasing 
trends in Drug Discovery journals over time. The results 
in Fig. 8a and b show the distribution of the journals with 
the most articles by year. The three leading journals pub-
lish the most articles on AI and Drug Discovery: Jour-
nal Of Chemical Information And Modelling, Briefings 

in Bioinformatics, and Journal of Cheminformatics. 
Although these three leading journals contributed 12% 
of the articles, the remaining publications are widely dis-
persed. This suggests that besides the top three journals, 
which publish most of the insights in this research area, a 
wide variety of other sources also contribute significantly 
to the literature.

When we look at the change in scientific journals 
over the years, the first publications in this field were 
published in the Journal Of Chemical Information And 
Modelling in 2005. After 2020, a significant increase in 
publications on AIapplications in drug discovery and 
development was observed in all journal categories. Jour-
nal of Chemical Information and Modelling, Briefing in 
Bioinformatics, and Journal of Cheminformatics are the 
journals that publish the most articles.

Figure  8b shows Scientific Journals published AI 
studies in Drug Discovery in 2005. This rate started to 
increase after 2016.

WoS CC categories
As seen in Fig.  9, according to the WoS CC database 
categorization, the articles are distributed in 147 scien-
tific categories. However, about 70% of these articles are 
mainly covered by 10 categories. These categories are 
Chemistry Multidisciplinary (13%), Computer Science 
Interdisciplinary Applications (11.5%) Biochemistry and 
Molecular Biology (10.4%), Pharmacology and Pharmacy 
(8.9%) Medicinal Chemistry (8.7%), Mathematical and 
Computational Biology (8.4%), Computer Science and 
Information Systems (6.4%), Computer Science and Arti-
ficial Science (3.6%), Biotechnology and Applied Micro-
biology (3.5%).

It is important to note that there are many publications 
from these three disciplines in the graph to understand 

Fig. 6 History of AI articles in the field of Drug Discovery from 1990 to 2023. (Bibliometrix & R software, 2023)



Page 11 of 24Koçak and Akçalı  Journal of Cheminformatics           (2025) 17:71  

Table 3 The Most Cited AI Articles in the Field of Drug Discovery from 1990 to 2023 Distribution (Bibliometrix & R software, 2023)

Paper Title Year Magazine DOI Total Citations

LECUN Y and Others Deep learning 2015 NATURE 10.1038/nature14539 20,779

CHING T and Others Opportunities and obstacles 
for deep learning in biology 
and medicine

2018 J R SOC INTERFACE 10.1098/rsif.2017.0387 924

VAMATHEVAN J and Others Applications of machine 
learning in drug discovery 
and development

2019 NAT REV DRUG DISCOV 10.1038/s41573-019-0024-5 907

BLAKEMORE DC and Others Organic synthesis provides 
opportunities to transform drug 
discovery

2018 NAT CHEM 10.1038/s41557-018-0021-z 797

CHEN HM and Others The rise of deep learning 
in drug discovery

2018 DRUG DISCOV TODAY 10.1016/j.drudis.2018.01.039 792

KEARNES S and Others Molecular graph convolutions: 
moving beyond fingerprints

2016 J COMPUT AID MOL DES 10.1007/s10822-016-9938-8 789

PINZI L and Others Molecular Docking: Shifting 
Paradigms in Drug Discovery

2019 INT J MOL SCI 10.3390/ijms20184331 678

MA JS and Others Deep Neural Nets as a Method 
for Quantitative Structure–
Activity Relationships

2015 J CHEM INF MODEL 10.1021/ci500747n 651

SCHNEIDER G and Others Computer-based de novo 
design of drug-like molecules

2005 NAT REV DRUG DISCOV 10.1038/nrd1799 618

HUANG SJ and Others Applications of Support Vector 
Machine (SVM) Learning in Can-
cer Genomics

2018 CANCER GENOME PROTEOME 10.21873/cgp.20063 604

GUPTA S and Others In Silico Approach for Predicting 
Toxicity of Peptides and Pro-
teins

2013 PLOS ONE 10.1371/journal.pone.0073957 594

THOMFORD NE and Others Natural Products for Drug 
Discovery in the 21st Century: 
Innovations for Novel Drug 
Discovery

2018 INT J MOL SCI 10.3390/ijms19061578 585

LO YC and Others Machine learning in chemoin-
formatics and drug discovery

2018 DRUG DISCOV TODAY 10.1016/j.drudis.2018.05.010 488

CAMACHO DM and Others Next-Generation Machine 
Learning for Biological Net-
works

2018 CELL 10.1016/j.cell.2018.05.015 470

BALLESTER PJ and Others A machine learning approach 
to predicting protein–ligand 
binding affinity with applica-
tions to molecular docking

2010 BIOINFORMATICS 10.1093/bioinformatics/btq112 464

ÖZTÜRK H and Others DeepDTA: deep drug-target 
binding affinity prediction

2018 BIOINFORMATICS 10.1093/bioinformatics/bty593 464

RAGOZA M and Others Protein–Ligand Scoring 
with Convolutional Neural 
Networks

2017 J CHEM INF MODEL 10.1021/acs.jcim.6b00740 428

JIMÉNEZ J and Others Protein–Ligand Absolute 
Binding Affinity Prediction 
via 3D-Convolutional Neural 
Networks

2018 J CHEM INF MODEL 10.1021/acs.jcim.7b00650 421

EKINS S and Others In silico pharmacology for drug 
discovery: methods for virtual 
ligand screening and profiling

2007 BRIT J PHARMACOL 10.1038/sj.bjp.0707305 419

CHEN X and Others Drug-target interaction predic-
tion: databases, web servers 
and computational models

2016 BRIEF BIOINFORM 10.1093/bib/bbv066 406
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that research on topics such as “AI in Drug Discovery and 
Development” is conducted at the intersection of these 
three disciplines. It is possible to say that this research 
area mostly involves multidisciplinary studies, empha-
sizing that interdisciplinary approaches are becoming 
increasingly important.

Keywords
When addressing the question, “What are the most 
commonly used keywords?”, it is essential to delve into 
the implications of the widespread use of terms such 
as “AI” and “artificial intelligence” in scientific publish-
ing. In recent years, the hype surrounding AI has led to 
an increasing tendency among authors to include these 
terms as keywords, often to align their manuscripts with 
the perceived trends and scopes of high-impact journals.

For instance, some papers might emphasize AI appli-
cations in their keywords or abstracts despite limited 
or tangential relevance to the methodology or findings 
presented. Such practices risk inflating the perceived 
contribution of AI to the field, potentially distorting bib-
liometric analyses and creating a narrative more focused 
on the hype than on substantive advancements.

Keywords were obtained using an algorithm developed 
by CWTS, Leiden. These keywords are a hierarchical 
document-level classification system with three levels: 
macro-topics (10), medium-topics (326), and micro-top-
ics (2488).

Table  4 presents the distribution of keywords used in 
AI and drug discovery research, categorizing them into 
various scientific disciplines. The dominant research 
areas include Chemistry, where topics like Protein Fold-
ing (775 documents) and QSAR (456 documents) high-
light AI’s significant role in molecular modeling and 
computational drug design. Similarly, Clinical & Life 
Sciences show a strong presence, with Gene Expression 
Data (377 documents) and Coronavirus-related studies 
(68 documents) reflecting AI’s contribution to genomics 
and pandemic-related drug research.

Beyond these fields, AI applications extend into Elec-
trical Engineering & Computer Science, where Deep 
Learning (36 documents) and Feature Selection (20 doc-
uments) demonstrate its importance in algorithm devel-
opment for drug discovery. Additionally, AI is emerging 
in Microfluidics and Flow Chemistry, facilitating 
advancements in automated drug synthesis. The Physics, 
Mathematics, and Social Sciences categories suggest an 
interdisciplinary approach, where AI contributes to areas 
like quantum mechanics, statistical modeling, and ethical 
considerations in drug development.

Overall, the table illustrates AI’s widespread impact 
across multiple disciplines, reinforcing its essential 
role in accelerating drug discovery. While Chemistry 
and Clinical Sciences dominate the landscape, emerg-
ing areas such as robotics, blockchain, and AI-driven 

Fig. 7 a Ekins’ Seed Maps [31]. b: Schneider’s Seed Maps  [31]
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pharmacovigilance suggest new frontiers for future 
research and applications in pharmaceutical innovation.

In order to identify research points and future research 
directions in the academic field, the most frequently 
used author keywords were analyzed. The authors’ key-
word co-occurrence visualisation graph was created in 
this study using the Bibliometrix & R software program 
(Fig. 10b). The keywords used by the first 20 authors are 
shown. According to this, the most frequently used key-
words in this field are drug discovery, prediction, design, 
identification, discovery, classification, docking, inhibi-
tors, neural networks, and QSAR. The most frequent 

author keywords in the dataset are drug discovery, pre-
diction, design, identification, discovery, classification, 
docking, and inhibitors (Fig. 10a).

Keyword co-occurrence analysis serves to understand 
primary themes or topics in a research area. Co-occur-
rence refers to the co-occurrence of two pieces of infor-
mation within a dataset. Each keyword in the dataset is 
represented as a node, while the co-occurrence of a pair 
of keywords is represented as a link. The strength of this 
link is determined by the frequency of co-occurrence of 
paired keywords [38]. In this study, Author Keywords 
were used to perform keyword co-occurrence analysis. 

Fig. 8 a Distribution of scientific journals publishing the most articles in the field of AI and Drug Discovery according to Bradford’s law [37]. b 
Distribution of the journals with the most articles published by year [27]
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Author Keywords are automatically generated using a 
proprietary algorithm specific to Clarivate Analytics 
databases. Keywords associated with AIapplications in 
Drug Discovery research were categorized into four clus-
ters, indicated by four colors (Fig.  10b). Each circle in 
the figure represents a keyword, and the lines connect-
ing these circles show the links between keywords. Key-
words sharing the same color belong to the same cluster. 
The size of each circle in the figure corresponds to the 
frequency of the keyword, with larger circles indicating 
higher frequency and smaller circles indicating lower 
frequency.

Figure 10b shows the visualization network map of the 
co-occurrence of author keywords. Four clusters were 
formed based on the occurrences. Red color indicates 
Cluster 1 (deep learning, neural networks, pharma, drug-
target interactions, etc.); green color indicates Cluster 2 
(AI, drug discovery, drug development, bioinformatics, 
etc.); blue color indicates Cluster 3 (machine learning, 
QSAR, classification, data mining, SVM, etc.); yellow 
color indicates Cluster 4 (artificial imaging, molecular 
dynamics, molecular docking, etc.).

Countries and universities
Figure  11 presents the institutional collaboration net-
work, which visualizes the relationships and partner-
ships among research institutions contributing to 
AI-driven drug discovery. The network is composed of 
nodes representing institutions and edges representing 
collaborative ties between them. The size of each node 
corresponds to the institution’s publication output, 

while the thickness of the edges reflects the strength 
of collaboration. Most universities are from China (see 
green and orange) and the USA (see blue). The lead-
ing universities are Chinese Acad Sci, Sichuan univ, 
and Zhejiang University. These institutions are notable 
for their high activity and collaborations in the field of 
AI papers related to Drug Discovery. The USA is the 
second largest cluster developed in the cooperation 
network. Harward Univ, Pittsburgh Univ, and the Uni-
versity of California are the leading universities. The 
Chinese Academy of Sciences and Harvard University 
emerge as central nodes in the network, reflecting their 
pivotal roles in driving research and fostering inter-
national collaborations. The network reveals strong 
regional collaboration patterns, particularly within 
China and the United States, as well as cross-regional 
partnerships between Europe, Asia, and North Amer-
ica. The institutional collaboration network highlights 
the importance of collaborative research in advanc-
ing AI applications in drug discovery. The strong ties 
between leading institutions, particularly in China and 
the United States, underscore the critical role of inter-
national partnerships in addressing complex challenges 
in drug development. Additionally, the growing contri-
butions of institutions from emerging research hubs, 
such as South Korea and India, suggest a broadening 
geographic distribution of expertise in this field.

Figure  12 shows the top 20 institutions in terms of 
publications. The co-authorship analysis showed that 
51 institutions published more than five articles.

Fig. 9 Distribution of Articles According to the Top 20 WoS CC Categories. (InCites, 2024)
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Table 4 Distribution of keywords used in articles in the field of AI and Drug Discovery (Wos CC, 2024)

Fields Total WoS CC 
Documents

2 Chemistry

 2.123 Protein Structure, Folding & Modelling

  2.123.13 Protein Folding 775

  2,123,778 QSAR 456

 2.160 Microfluidic Devices & Superhydrophobicity

  2.160.2038 Flow Chemistry 28

  2.160.174 Microfluidics 7

 2.190 Surfactants, Lipid Bilayers & Antimicrobial Peptides

  2.190.857 Antimicrobial Peptides 33

  2.190.254 Lipid Bilayers 2

 2.15 Physical Chemistry

  2.15.123 Bulk Modulus 16

  2.15.3 CCSD 5

 2.1 Synthesis

  2.1.1402 Click Chemistry 6

  2.1.549 Chalcones 6

1 Clinical & Life Sciences

 1.54 Molecular & Cell Biology—Genetics

  1.54.79 Gene Expression Data 377

  1.54.2447 Bromodomains 31

 1.104 Virology—General

  1.104.1353 Coronavirus 68

 1.155 Medical Ethics

  1.155.1510 Orphan Drugs 38

  1.155.2316 Pharmacovigilance 29

 1.117 Pharmacology & Toxicology

  1.117.179 Cytochrome P450 26

  1.117.1309 Acetaminophen 17

 1.25 Molecular & Cell Biology—Cancer, Autophagy & Apoptosis

  1.25.887 RAS 9

  1.25.782 Proteasome 6

4 Electrical Engineering, Electronics & Computer Science

 4.17 Computer Vision & Graphics

  4.17.1901 Genome Rearrangement 38

  4.17.128 Deep Learning 36

 4.61 AI & Machine Learning

  4.61.145 Feature Selection 20

  4.61.1335 Self Organising Maps 5

  4.61.869 Clustering 5

 4.48 Knowledge Engineering & Representation

  4.48.120 Complex Networks 10

  4.48.1522 Big Data 1

 4.116 Robotics

  4.116.1415 Human–Robot Interaction 4

  4.116.862 Reinforcement Learning 4

 4.187 Security Systems

  4.187.1702 Differential Privacy 5

  4.187.12014 Blockchain 2
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Table 4 (continued)

Fields Total WoS CC 
Documents

3 Agriculture, Environment & Ecology

 3.198 Mycotoxins

  3.198.904 Streptomyces 15

  3.198.926 Endophytic Fungi 2

 3.16 Phytochemicals

  3.16.2062 Aloe Vera 2

  3.16.2318 Silymarin 2

 3.180 Microbial Biotechnology

  3.180.2188 Prolidase 4

  3.180.1338 Phosphofructokinase 2

 3.85 Food Science & Technology

  3.85.1687 Bioactive Peptides 4

  3.85.741 Chitosan 1

 3.220 Smell & Taste Science

  3.220.1242 Aspartame 4

5 Physics

 5.56 Quantum Mechanics

  5.56.1673 Geometric Phase 6

  5.56.9 Entanglement 6

 5.221 Nuclear Instruments

  5.221.1034 Electron Tomography 6

 5.9 Particles & Fields

  5.9.746 Gravitational Waves 1

 5.250 Imaging & Tomography

  5.250.1881 Photoacoustic Imaging 1

 5.88 Electromagnetism

  5.88.418 X-ray Reflectivity 1

 5.310 Resistive Switching

  5.310.1164 Resistive Switching 1

 5.98 Geometrical Optics

  5.98.1073 Digital Holography 1

 5.33 Semiconductor Physics

  5.33.632 Diluted Magnetic Semiconductors 1

 5.38 Optical Electronics & Engineering

  5.38.198 Silicon Photonics 1

9 Mathematics

 9.92 Statistical Methods

  9.92.1271 Competing Risks 9

  9.92.1337 Causal Inference 4

 9.162 Numerical Methods

  9.162.1864 Logistic Source 3

 9.143 Dynamical Systems & Time Dependence

  9.143.1163 Stochastic Resonance 1

 9.50 Applied Statistics & Probability

  9.50.1564 Convex Body 1

6 Social Sciences

 6.256 Religion

  6.256.2361 Religious Education 4

 6.3 Management
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Figure 13 shows that only six clusters are formed; pur-
ple indicates Cluster 1 (France, Germany, China, etc.); 
yellow indicates Cluster 2 (Switzerland, China, UK, etc.); 
blue indicates Cluster 3 (USA, China, Germany, India, 
Brazil, Russia, etc.); red indicates Cluster 3 (South Korea, 
India, Saudi Arabia, etc.); green indicates Cluster 5 (UK, 
Sweden, Denmark, etc.).

Figure  14 presents the top 20 countries according to 
the number of articles published, categorized as Multi-
Country Publication (MCP) and Single Country Pub-
lication (SCP). The multi-country publication refers to 

joint studies with authors from different countries and 
indicates international cooperation. In contrast, single-
country publications refer to studies in which all authors 
belong to the same country and indicate domestic coop-
eration. American authors ranked first with 923 articles, 
comprising 716 single-country publications and 207 
multi-country publications. They rank second in pro-
ductivity with 853 articles, comprising 669 single-coun-
try publications and 184 multi-country publications, 
resulting in an MCP rate of 21.6 percent. See Fig. 14 and 
Table 5 for more detailed information.

Table 4 (continued)

Fields Total WoS CC 
Documents

  6.3.2 Knowledge Management 2

  6.3.1731 Computer-supported Cooperative Work 1

  6.3.2135 Sharing Economy 1

 6.238 Bibliometrics, Scientometrics & Research Integrity

  6.238.166 Bibliometrics 2

  6.238.1790 Plagiarism 1

 6.185 Communication

  6.185.1644 Privacy 2

 6.73 Social Psychology

  6.73.2034 Conditional Reasoning 1

  6.73.2331 Health Locus of Control 1

 6.146 Anthropology

  6.146.1728 Artisanal Mining 2

7 Engineering & Materials Science

 7.12 Metallurgical Engineering

  7.12.2236 High-Entropy Alloys 2

  7.12.2224 Ductile Iron 1

 7.272 Electrical—Solder & Connections

  7.272.2124 Thermal Resistance 2

 7.262 Explosives

  7.262.2024 TNT 1

  7.262.745 Energetic Materials 1

 7.121 Concrete Science

  7.121.26 Compressive Strength 1

 7.70 Thermodynamics

  7.70.1880 Falling Film 1

 7.192 Testing & Maintenance

  7.192.732 Polynomial Chaos 1

 7.251 Electrical—Harvesting & Discharging

  7.251.1204 Energy Harvesting 1

8 Earth Sciences

 8.8 Geochemistry, Geophysics & Geology

  8.8.2206 Compositional Data 1

10 Arts & Humanities

 10.126 Philosophy

  10.126.1568 Philosophy of Science 1
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Fig. 10 a Most Frequently Used Author Keywords in AI and Drug Discovery Literature, 1990–2023. (Bibliometrix & R software, 2024). b 
Co-occurrence network map of author keywords occurring 10 + times in AI and Drug Discovery literature, 1990–2023. (VOSviever, 2023)
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Figure  14 also shows that individuals from the same 
countries author the majority of publications. This trend 
may be due to authors’ preferences to collaborate within 
their research groups or with academics from the same 
national background.

Funding organisations
According to the results presented in Table  6, the 
National Natural Science Foundation of China (NSFC), 

with 530 studies, and the United States Department of 
Health & Human Services, with 378 studies, were the 
organizations with the highest support for the publica-
tion of scientific research on drug discovery. The National 
Institutes of Health (NIH)—USA, National Science Foun-
dation (NSF), European Union (EU), UK Research & 
Innovation (UKRI), National Research Foundation of 
Korea, Spanish Government, NIH National Institute of 
General Medical Sciences (NIGMS) are other important 

Fig. 11 Institutional network among articles whose authors are affiliated with institutions. (VOSviever, 2024)

Fig. 12 Distribution of authors’ affiliation with organizations according to the selected dataset (top 20 organizations). (Bibliometrix & R software, 
2023)
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organizations that have supported the significant devel-
opment of AI for drug discovery.

As shown in Fig. 15, countries started to support AI 
studies in Drug Discovery in 2006. This rate started 
to increase significantly after 2017. The first support 
was provided by UK Research & Innovation (UKRI) in 
early 2006. Afterward, the National Institutes of Health 
(NIH)- USA took the lead in supporting studies in this 

field. After 2015, China took the lead with the National 
Natural Science Foundation of China (NSFC) funding 
institution. Figure 15 shows that NSFC supports these 
studies at significantly higher rates than other funding 
organizations. Notably, the European Union (EU) lags 
behind the expected support. The previous graphs and 
tables show how extensively NSFC has invested in this 
area.

Fig. 13 Visualisation network map of co-authored articles by country. (Wosviever, 2024)

Fig. 14 Most productive countries: Single Country Publications (SCP), Multiple Country Publications (MCP). (Bibliometrix & R software, 2023)
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Discussion
The analysis reveals a dramatic increase in publications 
after 2014, with a peak in 2022, followed by a slight 
decline. This trend aligns with the broader adoption of 
AI technologies, particularly deep learning and machine 
learning, in pharmaceutical research. The surge in pub-
lications after 2014 can be attributed to advancements in 
computational power, the availability of large-scale bio-
medical datasets, and the development of sophisticated 
AI algorithms capable of handling complex drug discov-
ery tasks [2, 3]. The slight decline after 2022 may reflect 
a maturation of the field, where initial rapid growth is 
stabilizing as researchers focus on refining existing meth-
odologies rather than exploring entirely new approaches.

The most prolific authors, such as Ekins, Schneider, 
Hou Tj, and Cao Ds, have significantly shaped the field 
through their extensive contributions. These authors are 
often associated with leading institutions such as the 
Chinese Academy of Sciences and the University of Cali-
fornia, which dominate the collaboration networks. The 
prominence of these institutions underscores the impor-
tance of resource availability and interdisciplinary col-
laboration in advancing AI-driven drug discovery. The 
strong collaboration between Chinese and U.S. institu-
tions highlights the global nature of research in this field, 
with both regions leveraging their unique strengths to 
drive innovation.

The keyword analysis identifies “protein folding,” 
“QSAR,” “gene expression data,” “coronavirus,” and 
“genome rearrangement” as the most frequently men-
tioned topics. These themes reflect the diverse applica-
tions of AI in drug discovery, from predicting protein 
structures to analyzing genomic data and accelerating 
drug development for emerging diseases. The promi-
nence of “protein folding” and “QSAR” underscores the 
critical role of AI in addressing fundamental challenges 
in drug discovery, such as understanding molecular 
interactions and optimizing drug candidates. The focus 
on “coronavirus” highlights the rapid response of the sci-
entific community to global health crises, leveraging AI 
to accelerate vaccine and therapeutic development dur-
ing the COVID-19 pandemic.

International collaboration accounts for 28.06% of the 
publications, with the United States and China leading in 
both productivity and influence. This finding aligns with 
previous studies that emphasize the importance of global 
partnerships in addressing complex scientific challenges 
[10, 11]. The collaboration networks reveal distinct 
regional clusters, with strong intra-regional collabora-
tions in China and the United States, as well as cross-
regional partnerships between Europe, Asia, and North 
America. These collaborations facilitate the exchange of 
knowledge and resources, enabling researchers to tackle 
multifaceted problems in drug discovery more effectively.

Limitations
While this study provides valuable insights into the field 
of AI-driven drug discovery, it is not without limitations. 
First, the reliance on the Web of Science Core Collec-
tion (WoS CC) as the primary data source may introduce 
bias, as WoS CC tends to favor English-language publi-
cations and high-impact journals. The exclusion of other 
databases, such as Scopus and PubMed, may result in the 
omission of relevant studies, particularly from non-Eng-
lish speaking countries and emerging research hubs.

Second, the bibliometric analysis is inherently retro-
spective, focusing on past trends and patterns. While this 
provides a comprehensive overview of the field’s evolu-
tion, it may not fully capture emerging trends or predict 
future directions. Future studies could complement bibli-
ometric analysis with qualitative methods, such as expert 
interviews or case studies, to provide a more nuanced 
understanding of the field.

Finally, the study’s focus on AI in drug discovery may 
overlook broader applications of AI in healthcare and 
biomedical research. Future research could explore the 
intersection of AI with other fields, such as personalized 
medicine, clinical trials, and healthcare delivery, to pro-
vide a more holistic view of AI’s impact on the pharma-
ceutical industry.

Table 5 Country of the responsible author and cross-country 
cooperation (Bibliometrix & R software, 2023)

Country Articles SCP MCP Freq MCP_Ratio

USA 923 716 207 0.227 0.224

CHINA 853 669 184 0.21 0.216

INDIA 322 269 53 0.079 0.165

UNITED KINGDOM 221 139 82 0.054 0.371

GERMANY 170 105 65 0.042 0.382

KOREA 151 118 33 0.037 0.219

JAPAN 125 112 13 0.031 0.104

SWITZERLAND 100 58 42 0.025 0.42

CANADA 84 50 34 0.021 0.405

ITALY 76 54 22 0.019 0.289

FRANCE 69 46 23 0.017 0.333

BRAZIL 68 35 33 0.017 0.485

SPAIN 62 46 16 0.015 0.258

IRAN 61 49 12 0.015 0.197

PORTUGAL 55 45 10 0.014 0.182

AUSTRALIA 47 25 22 0.012 0.468

SWEDEN 43 25 18 0.011 0.419

POLAND 33 22 11 0.008 0.333

SINGAPORE 32 14 18 0.008 0.563

AUSTRIA 26 12 14 0.006 0.538
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Table 6 Distribution of articles according to funding international organizations [27]

Name WoS CC 
Documents

Times Cited Documents 
in Q1 
Journals

Documents 
in Q2 
Journals

Documents 
in Q3 
Journals

Documents in 
Q4 Journals

National Natural Science Foundation of China (NSFC) 530 11,081 256 77 24 6

United States Department of Health & Human Services 378 12,810 217 63 16 4

National Institutes of Health (NIH)—USA 377 12,803 217 63 16 4

National Science Foundation (NSF) 173 26,262 80 21 5 2

European Union (EU) 100 3331 49 16 8 0

UK Research & Innovation (UKRI) 92 3078 53 16 4 1

National Research Foundation of Korea 91 1761 46 13 2 1

Spanish Government 74 2058 46 11 2 1

NIH National Institute of General Medical Sciences 
(NIGMS)

73 2347 42 15 2 2

Ministry of Education, Culture, Sports, Science and Tech-
nology, Japan (MEXT)

65 1377 25 12 2 1

Fundamental Research Funds for the Central Universities 62 1278 31 10 2 1

Japan Society for the Promotion of Science 59 1347 23 12 1 1

Conselho Nacional de Desenvolvimento Cientifico e 
Tecnologico (CNPQ)

55 2029 26 19 5 2

Grants-in-Aid for Scientific Research (KAKENHI) 53 1182 19 12 1 1

Engineering & Physical Sciences Research Council 
(EPSRC)

52 1573 36 8 2 0

Swiss National Science Foundation (SNSF) 48 2822 24 6 6 2

United States Department of Defence 47 2190 26 5 1 0

Coordenacao de Aperfeicoamento de Pessoal de Nivel 
Superior (CAPES)

46 1416 26 12 3 1

United States Department of Energy (DOE) 45 1219 24 9 2 0

German Research Foundation (DFG) 38 766 21 3 4 0

Fig. 15 Changes in the Distribution of Articles by Supporting Institutions over the Years [27]
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Conclusion
This study provides a comprehensive bibliometric analy-
sis of the application of artificial intelligence (AI) in drug 
discovery and development, covering the period from 
1990 to 2023. By analyzing 4059 scientific publications, 
this research sheds light on the evolution, trends, and key 
contributors in this rapidly growing field. The findings 
reveal that the field has experienced exponential growth 
since 2014, driven by advancements in deep learning, 
machine learning, and the availability of large-scale bio-
medical datasets. The number of publications peaked in 
2022, reflecting the increasing adoption of AI technolo-
gies in pharmaceutical research. The average number of 
citations per document (28.62) indicates the high impact 
of research in this domain, with influential works such as 
[29, 3] shaping the field.

The study identifies the most prolific authors, including 
Ekins, Schneider, Hou Tj, and Cao Ds, who have signifi-
cantly contributed to the field, with their work account-
ing for nearly 30% of the total publications. Leading 
institutions such as the Chinese Academy of Sciences, 
Harvard University, and the University of California 
dominate the collaboration networks, highlighting the 
importance of interdisciplinary and international col-
laboration in advancing AI-driven drug discovery. The 
keyword analysis reveals that “protein folding,” “QSAR,” 
“gene expression data,” “coronavirus,” and “genome rear-
rangement” are the most frequently mentioned topics. 
These themes reflect the diverse applications of AI in 
drug discovery, from molecular modeling to genomics 
and pandemic response. The prominence of “corona-
virus” underscores the critical role of AI in addressing 
global health crises, such as the COVID-19 pandemic, by 
accelerating drug and vaccine development.

International collaboration accounts for 28.06% of the 
publications, with the United States and China leading 
in both productivity and influence. This highlights the 
global nature of research in AI-driven drug discovery 
and the importance of cross-border partnerships. Key 
funding organizations, such as the National Natural Sci-
ence Foundation of China (NSFC) and the United States 
Department of Health & Human Services, have played a 
pivotal role in supporting advancements in this field. The 
findings align with theoretical frameworks such as Lot-
ka’s Law demonstrating the concentration of productivity 
among a small subset of prolific authors and institutions. 
The study provides practical insights for researchers, 
industry professionals, and policymakers, emphasizing 
the need for continued investment in AI infrastructure, 
interdisciplinary collaboration, and global partnerships 
to drive innovation in drug discovery.

In summary, this study highlights the transformative 
potential of AI in revolutionizing drug discovery and 

development. By identifying key trends, influential con-
tributors, and emerging research themes, this research 
offers a roadmap for future investigations and under-
scores the importance of leveraging AI technologies to 
address complex challenges in the pharmaceutical indus-
try. As the field continues to evolve, further research is 
needed to explore new applications of AI, such as per-
sonalized medicine and clinical trial optimization, to fully 
realize its potential in improving global health outcomes.
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