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Abstract: A self-driving lab (SDL) is a system that automates experiment design, data collection, and analysis
using robotics and artificial intelligence (Al) technologies, and its significance has grown substantially in recent
years. This study analyzes the overall research trends in SDL, examines changes in specific topics, visualizes
the relational structure among authors to identify key contributors and extracts major themes from extensive
texts to highlight essential research content. To achieve these objectives, trend analysis, network analysis, and
topic modeling are conducted on 352 research papers collected from the Web of Science from 2004 to 2023. The
results revealed three key findings. First, SDL research has surged since 2019, driven by the pandemic and
advancements in Al technologies, reflecting heightened activity in this field. Second, several influential
researchers have been identified as central figures in the network, playing pivotal roles in collaboration and
information dissemination. Third, SDL research exhibits interdisciplinary convergence, encompassing areas
such as material optimization, biological processes, and Al predictive algorithms. This study underscores the
growing importance of SDL as a research tool across diverse academic disciplines and provides practical
insights into sustainable future research directions and strategic approaches.
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1. Introduction

A self-driving lab (SDL) represents an innovative paradigm in modern scientific research that
provide unprecedented opportunities for researchers to accelerate and automate experimental and
analytical processes [1]. SDL integrates robotics, artificial intelligence (Al), and machine learning (ML)
to streamline workflows, including experimental design, execution, and data analysis [2]. By using
advanced robotic systems and automated equipment, SDL facilitates complex experimental tasks,
whereas Al enhances efficiency by automating data interpretation and evaluating the results. As a
cutting-edge research tool, SDL bridges the gap between futuristic innovation and practical
applications, thereby enabling breakthroughs that redefine the limits of scientific exploration. In
addition to combining equipment and software, SDL functions as a “pioneer” in expanding the
frontiers of scientific discovery. This represents the convergence of human curiosity and
technological advancement, fostering innovation with the potential to fundamentally transform
human life.

The emergence of SDL marks a pivotal transformation in research automation and represents an
integral part of the data-driven science paradigm, which aims to process and analyze vast datasets
across diverse fields to generate new knowledge. SDL'’s software plays a critical role in interpreting
high-dimensional datasets and solving multivariate research challenges [3]. By effectively exploring
complex variable combinations and identifying optimal experimental conditions, SDL serves as a
powerful tool to overcome human limitations and push the boundaries of scientific discovery.

SDL can perform experiments up to 1,000 times faster than traditional methods, driving
significant advancements in areas such as new material discovery, drug development, and process
optimization [2]. This unparalleled speed enables researchers to conduct large-scale experiments,
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collect and analyze data rapidly, and focus on high-level creative tasks [4]. Industries such as
chemistry, life sciences, and materials engineering, in which high-throughput experimentation is
essential, have found that SDL is indispensable for addressing high-dimensional data challenges and
accelerating innovation.

Despite their widespread applications, systematic research analyzing the overarching trends in
SDL is limited. Previous studies have explored SDL's applications in health and wellness or
conducted bibliometric analyses by engineering field and country, highlighting a recent surge in SDL
research [5]. Other studies proposed directions for SDL development, including equipment design,
workflow optimization, data management [6], and effective SDL construction methods [7]. However,
no comprehensive research has focused on SDL trend analysis as a primary subject, and limitations
in data and methodology have raised concerns about the reliability of the existing findings. To
address these gaps, this study applies a systematic analytical framework based on comprehensive
and reliable data to establish strategic directions for SDL adoption across industries.

The primary goal of this study is to promote the adoption and utilization of SDL by conducting
an in-depth trend analysis, thereby advancing scientific research across industries. It systematically
positions SDL as a critical research tool across disciplines and offers meaningful insights into research
directions and strategic approaches. This research underscores SDL’s role as an indispensable tool in
the Al-driven era, thereby providing sustainable adoption strategies tailored to various industries
and laying the groundwork for future researchers by analyzing SDL’s automation and optimization
functions. Furthermore, it proposes new directions for expanding SDL applications, confirming its
status as a transformative technology in scientific research.

This study utilized data from the Web of Science to collect SDL-related research papers by
applying systematic pre-processing techniques such as stop words removal and synonym
standardization. This study employed trend analysis, network analysis, and topic modeling to
uncover significant insights. Trend analysis identified overarching research trends, network analysis
mapped collaborative relationships among key authors, and topic modeling extracted major research
themes and keywords. This comprehensive approach provided a detailed understanding of SDL's
current research landscape, thereby offering implications for future studies. The integration of
diverse analytical techniques can serve as a guide for strategic and efficient SDL research planning.

The findings of this study have practical implications in various domains. For industries, it offers
insights into R&D prioritization and investment strategies, identifying potential SDL applications
and commercialization opportunities to prepare sustainable businesses for market entry and enhance
global competitiveness. In academia, the SDL trend analysis aids in setting research agendas and
improving educational programs to train an industry’s sustainable workforce. Enhanced industry-
academic collaboration can bridge the gap between research outcomes and practical applications. For
policymakers, this study provides evidence for shaping science and technology policies that support
SDL development, thereby fostering a sustainable research-friendly environment and boosting
national competitiveness.

The remainder of this paper is organized as follows. Section 2 reviews the theoretical
background of SDL and prior studies, setting the objectives. Section 3 details the research
methodology, including the data collection and analysis techniques used in the SDL trend analysis.
Section 4 presents the findings of the trend analysis, network analysis, and topic modeling. Section 5
interprets these results from academic, practical, and policy perspectives and draws implications.
Finally, Section 6 concludes with a discussion of the study’s limitations and suggestions for future
research directions.

2. Literature Review

2.1. Self-Driving Lab Concepts and Development Process

The SDL is a cutting-edge research environment designed to automate experiments and
maximize efficiency. It is a scientific research system that autonomously manages and optimizes the
entire experimental process using Al and robotics. SDL integrates robotics, experimental systems,
and ML models to design experiments, analyze results, and interpret outcomes, thereby offering a
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revolutionary autonomous laboratory platform. Recently, data-driven experimental planning has
garnered increasing attention from the scientific community [8]. The integration of ML and
innovative approaches to scientific methods has energized both theoretical and computational
research domains, in addition to practical applications [6]. Moreover, SDL has significant potential to
address critical societal needs such as carbon-neutral processes, food security, sustainable agriculture,
clean energy, energy storage, and drug discovery [9]. By leveraging Al and ML algorithms to analyze
datasets ranging from small to large, SDL enables researchers to identify patterns and trends,
resulting in more effective and efficient R&D processes [10]. Following are some of the areas where
SDL is being utilized.

Biotechnology: SDL provides a powerful platform for autonomously designing and engineering
new biological functions, particularly in synthetic biology and genetic manipulation [11]. For
example, SDL has shown promising results in autonomously exploring protein conformational
landscapes and advancing biomedical and molecular biology research beyond traditional chemical
synthesis methods [12,13]. This enables researchers to investigate the intricate interactions of life
systems more efficiently. SDL has also been applied in the development of biochemical response
neural networks (CRNNs), which autonomously design neural networks to predict chemical
responses and identify experimental pathways [14]. This has proven to be instrumental in
understanding and controlling the kinetics of complex chemical reactions. Additionally,
advancements such as autonomous implantable devices for neural recording and stimulation in
freely moving primates demonstrate SDL’s applications in advanced biomedical research [15].

Chemical Engineering: Traditional computational tools have limitations in accelerating chemical
research [16]. SDL addresses this by autonomously exploring multistage chemical pathways,
enabling a rapid understanding of complex chemical systems and achieving optimized results [17].
For instance, SDL has been applied to electrocatalyst discovery, utilizing closed-loop approaches for
nitrogen reduction reactions to efficiently explore multi-target experimental outcomes [18]. Deep
learning-driven SDL systems have also uncovered unknown reaction pathways that significantly
contribute to the understanding of complex chemical systems [14]. These advancements extend the
boundaries of chemical exploration and enhance global collaboration, thereby fostering the
universalization of scientific discovery [19].

Materials Engineering: In materials science, SDL demonstrates its ability to address complex
multi-objective problems [7]. For instance, SDL’s integration into thin-film material research has
significantly improved optimization processes through model-based algorithms, identifying ideal
synthesis conditions for materials with intricate electronic properties [20]. These processes provide
more accurate and consistent results than conventional methods and enhance material performance
across diverse applications. SDL has accelerated the discovery of new battery chemicals and the
development of energy storage solutions, particularly in battery research [21-23]. Moreover, SDL
contributes to the optimization of solar cell materials by autonomously refining perovskite
nanocrystals [24]. It is also employed in reverse design challenges, where deep reinforcement
learning of experimental data efficiently explores design spaces to achieve optimal material
properties [25,26]. These capabilities enable researchers to design innovative materials quickly and
precisely.

SDL emphasizes the integration of robotics and advanced data processing, thereby achieving
research efficiencies that are unattainable with traditional methods [4]. For example, using Bayesian
experimental methods, SDL reduces the number of experiments required to identify high-
performance parametric structures by approximately 60-fold compared with grid-based exploration
[27-30]. Platforms such as Chem-OS provide universal access to autonomous discovery, enabling
under-resourced researchers to participate in SDL technologies [31]. This democratizes scientific
discovery and extends opportunities beyond privileged research groups. SDL has also shown
promise in diagnostics, where deep probabilistic learning methods can autonomously interpret
experimental data, including automating the analysis of X-ray diffraction spectra [32,33]. These
features enable SDL to process large amounts of experimental data quickly and accurately, thereby
maximizing research efficiency. In addition to interoperable data representations, effective data
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sharing and communication methods are needed to realize laboratory automation [34]. In addition,
it has been expanded through cloud-based SDL platforms, allowing researchers to conduct
autonomous experiments remotely and strengthening cooperation within the global scientific
community [24].

2.2. Prior Research on Self-Driving Lab and Limitations

The introduction of SDL has been a pivotal driving force, accelerating growth across various
research domains, particularly in the advancement of Al-based automation [4]. Additionally, the
active involvement of governments and research institutes has been identified as a major factor
propelling the expansion of SDL research. For example, Da Silva® analyzed the application of Al in
healthcare by examining the adoption of SDL across different years, engineering fields, and countries
using bibliometric analysis. The results revealed a rapid increase in SDL-related research, particularly
in the chemical and bioscience fields, highlighting SDL’s potential to provide significant
opportunities for emerging economies. These countries are likely to use SDL to enhance research
competitiveness and reduce the usage of both resources and time [5]. The growing recognition of
SDL’s importance in academia and industry is evidenced by its widespread adoption, with leading
research institutes in countries such as the United States, China, and Germany at the forefront of this
development [5].

Furthermore, some studies have explored the development directions and prospects of SDL.
Hysmith? emphasized the necessity of careful planning in various aspects of SDL design, such as
physical configurations, data management, and workflow optimization. This study particularly
highlighted the shift from focusing on individual tools and tasks to creating and managing complex
workflows, underscoring the importance of integrating human input into processes. Additionally,
the role of the reward function design was identified as critical for developing efficient workflows
alongside the interplay between hardware advancements, ML applications across chemical
processes, and compensation systems within research. Hysmith envisioned a future for SDL that
merges Al’s precision, speed, and data processing capabilities with human intuitive hypothesis
formulations [6].

Research has also been conducted on the effective construction of SDLs. MacLeod? stressed that
SDLs must operate beyond simple automation, emphasizing their adaptability to new research areas.
This study outlined the criteria for SDL design and addressed challenges such as laboratory reuse.
They argued that effective SDLs should (1) operate at speeds surpassing traditional automation and
(2) demonstrate the ability to quickly adapt to novel research contexts. Furthermore, MacLeod
identified key strategies for building SDLs that could expedite the discovery of new materials,
thereby emphasizing the importance of adaptability and reusability in SDL design [7].

While these studies analyzed SDL trends, certain limitations in data reliability and interpretation
should be addressed. However, the data used in these analyses often lack robustness, thereby
undermining the validity of the results. Moreover, inadequate preprocessing of the data further
affects the accuracy of the findings. Research methodologies have not been consistently established,
making cross-industry and cross-technology comparisons challenging. These shortcomings often
limit the practical value of such studies, as they tend to focus on listing technological changes or
summarizing the current research landscape, rather than providing actionable insights for industrial
or research strategies. Furthermore, the lack of in-depth analyses or predictive models limits their
ability to offer insights into evolving markets and technologies.

To address these gaps, this study aims to provide a more reliable and comprehensive analysis
of SDL trends. By leveraging robust data and systematic methodologies, this study seeks to provide
practical insights that can guide both academic research and industrial strategies. This study also
incorporates predictive models and in-depth analyses to better understand the shifting landscape of
markets and technologies, thereby offering a more valuable foundation for future research and
applications.

3. Materials and Methods
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This study analyzes the overall research trends in SDL and explores strategies for its successful
implementation and sustainable research development. Trend analysis, network analysis, and topic
modeling techniques were employed to achieve this. The research was conducted in five stages, as
illustrated in Figure 1.

[1] Data Collections

Data Preparation .

[2] Pre-processing

A 4

[3] Trend Analysis

A

Data Analysis [4] Network Analysis

A

[5] Topic Modeling

Figure 1. Summary of Research Procedure.

3.1. Data Collection

The Data Collection step involves selecting the data necessary for research analysis. To ensure
the reliability of the data, publication records from the Web of Science were utilized [35]. For a
research trend analysis, it is essential to cover a period that sufficiently reflects the emergence of new
theories, technological advancements, and research methodologies. Accordingly, a 20-year period
(2004-2023) was selected to provide a representative dataset to examine the development of research
directions and significant trends within the field. As shown in Table 1, search expressions were
constructed and refined to extract relevant data. In addition, synonymous terms, as detailed in Table
2, were incorporated to ensure comprehensive coverage [36]. The selection of similar terms was
guided by a review of previous studies on terminology used to describe SDLs.

Table 1. Web of science search formula

Search Formula

“self-driving lab" OR “self driving lab” OR “self driven lab” OR “self-driving labs” OR
“self driving labs” OR “self driven labs” OR “self driving system” OR
“autonomous experimentation” OR “autonomous lab” OR “autonomous discovery” OR “autonomous chemical experiment”
OR ”acceleration materials platform”
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Table 2. Web of science search formula.

Additional Similar Words

”self driving laboratory” OR “self driven laboratory” OR “automated lab” OR
“automated experimentation” OR “lab automation”

The document type was limited to “Article,” resulting in the extraction of 352 records. To facilitate
data processing, the extraction format was designated as Excel, including fields such as Author, Title,
Source, Sponsors, Times Cited, Accession Number, Abstract, Keywords, Addresses, and Document

Type.

3.2. Data Preprocessing

The pre-processing step involves transforming the data into a format suitable for research
analysis using Python and Google Colab. From the 352 data points extracted in Step 1, abstracts
containing keywords related to autonomous driving—such as “car,” “cars,” “vehicle,” “transit,”
“conveyance,” ”airplane,” and “ship” —were filtered out. After this filtering process, the dataset was
refined to 218 data points, which were used in subsequent analysis.

During the data pre-processing stage, terminology was removed following a filtering step. This
process is divided into two sub-steps: Stop Word Removal and Meaningless Keyword Removal. In

the Stop Word Removal step, common words, such as articles, prepositions, and conjunctions, are

o

eliminated to reduce noise and focus on relevant terms. In the Meaningless Keyword Removal step,
words that hold no significance for the analysis, such as “dollar” and “date,” are excluded to enhance
the dataset’s analytical quality. These steps ensure that the dataset is refined and free from
unnecessary or irrelevant terms, making it suitable for further analysis. Representative examples of
the terms removed are listed in Table 3.

Table 3. Stop & Meaningless Words.

” o e TN

Stop Words “using,” “used,” “also,” “the,” “a,” “however, L “well”

” o "o ” o ”

“data,” “system,” “results,” “model,” “time,” “work,” “use,

Meaningless Words .
g ”tWO,” //One’// ”based," u;(.*;(.,n ”dlfferent," //newu

The final step in the preprocessing stage is synonym grouping. This step involves consolidating
synonyms with identical meanings into single terms. By doing so, the potential for noise in data
analysis is minimized, which enhances the reliability of the analysis results. Representative examples
of the grouped synonyms are presented in Table 4.

Table 4. Synonym.

Synonym

“auto”: “automated,” “autonomous,” “automation”
“experiments”: “experiment,” “experimental,” “experimentation”
“lab”: “laboratory,” “labs,” “laboratories”

3.3. Trend Analysis

A trend analysis was conducted on the 218 publications extracted during the pre-processing
stage using Python and Google Colab. The purpose of trend analysis is to understand the changes
occurring in the SDL field and to support the prediction of technology directions or the formulation
of strategic decisions. Furthermore, it plays a crucial role in understanding shifts in industrial markets
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and technology trends, enabling stakeholders to seize opportunities, manage risks, and maintain
competitiveness [37,38].

The analysis focused on three key aspects: (1) the top 10 countries with the highest number of
SDL-related publications per year, (2) the top 10 journals and their corresponding citation counts,
and (3) the top 10 authors and affiliations contributing to SDL research. These insights provide a
comprehensive understanding of the research landscape and help identify the leading contributors
and influential regions in the field.

3.4. Network Analysis

Network analysis is generally categorized based on Degree Centrality, Betweenness Centrality,
Closeness Centrality, and Eigenvector Centrality [39]. In this study, three centrality measures—
Degree Centrality, Betweenness Centrality, and Closeness Centrality —were analyzed to evaluate the
importance and role of authors within the network from multiple perspectives. Eigenvector
Centrality was excluded from the analysis because in highly interconnected networks, the centrality
values of all authors tend to converge, limiting its effectiveness in accurately measuring the influence
of specific hub authors. Each centrality measure provides a distinct perspective on the importance of
the nodes (authors) within the network, enabling a comprehensive analysis of the network structure
[40].

Degree Centrality evaluates the number of direct connections (edges) of a node and identifies
authors through frequent collaborations [41]. Betweenness Centrality measures how often an author
acts as a mediator along the shortest paths between nodes, highlighting individuals who facilitate the
flow of information or act as bridges between different groups’ networks [42]. Closeness Centrality
calculates the average shortest path distance from one node to all other nodes, identifying authors
who can efficiently disseminate information or ideas across a network [42].

The network was constructed using pre-processed author data, with nodes representing authors
and edges indicating co-authorship relationships. Based on this structure, Degree Centrality,
Betweenness Centrality, and Closeness Centrality were calculated to identify the top 20 authors and
assess their structural positions and mediating roles within the network.

Authors with a high Degree Centrality, Betweenness Centrality, and Closeness Centrality play
critical roles in facilitating the flow of academic knowledge and fostering cooperation between
research groups [43]. These individuals act as mediators, promoting the dissemination and
innovation of ideas within a collaborative research network. This analysis not only identifies key
researchers leading knowledge dissemination but also evaluates the structural strengths and
weaknesses of academic networks. Author network analysis provides insights into cooperative
relationships among researchers, the structural development of the research field, and strategies for
enhancing research collaboration [44].

3.5. Topic Modeling Analysis

Topic modeling techniques were employed to automatically extract and analyze major topics
from large-scale text data. Specifically, the Latent Dirichlet Allocation (LDA) algorithm was applied
to identify research focuses and field-specific topics by analyzing the patterns of recurring words in
text data [45]. The topics extracted through topic modeling reflect the primary concerns of the
research field and contribute to understanding the flow and trends of related studies by analyzing
topic distributions across documents [46]. Furthermore, topic-specific weights assigned to each
document were used to classify documents by subject and visualize the main topics of the research
[47].

LDA assumes that each document consists of multiple topics and calculates the probabilistic
distribution for each topic based on the occurrence of words within the document [48]. This allows
the subject structure of the documents to be quantified, indicating the extent to which each document
is related to a specific topic. In this study, abstracts from the collected papers served as the primary
text data, which underwent preprocessing steps such as terminology removal and synonym grouping.
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Additionally, an optimization process was conducted to determine the ideal number of topics to
ensure a balanced and meaningful topic distribution.

The optimal number of topics was determined by evaluating the Perplexity and Coherence
scores for different topic counts. Perplexity measures the predictive accuracy of the model, with lower
values indicating better performance. Coherence evaluates the semantic consistency among words
within a topic, with higher values reflecting stronger semantic relationships [49,50]. For optimal topic
modeling, the number of topics was selected to achieve a low Perplexity score and high Coherence
score, ensuring both predictive accuracy and meaningful topic representation.

4. Results
4.1. Trend Analysis Results

Analysis of SDL-related publications by year reveals significant trends. As shown in Figure 2,
the number of publications from 2004 to 2018 remained relatively small and irregular. However, a
sharp increase was observed in 2019, with the highest number of publications recorded in 2021 (44).
This upward trend continued in 2022 and 2023, highlighting the remarkable growth in SDL research
over the past three years. These findings suggest a substantial increase in interest and activity in the
SDL research field during this period.

40}

w
=]

Number of Publications
[ ]
o

10+

Publication Year

Figure 2. Number of SDL-related papers published by year.

The global pandemic, which began in the late 2010s, is considered a major driver of this growth
[2]. The pandemic necessitated a paradigm shift in scientific research, emphasizing acceleration,
efficiency, and non-face-to-face methodologies. With its automated and data-driven capabilities, SDL
played a critical role in meeting these demands. Additionally, rapid advancements and increasing
global interest in Al technologies during the 2020s have further propelled the adoption and
establishment of SDL research environments, enabling the efficient management of large-scale
experimental data.

A country-wise analysis of SDL-related publications also provided important insights. Figure 3
illustrates the number of publications from the top 10 countries. Among the 30 countries that
contributed to SDL research, the top 10 accounted for 186 publications, representing 85.32% of the
total. This concentration indicates that SDL research is conducted predominantly in a select group of
leading countries, whereas foundational research is beginning to emerge in lower-ranked and
middle-tier nations.
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Figure 3. Read related papers by top 10 countries.

The United States, Germany, and China have led SDL-related publications, followed by Canada,
the United Kingdom, Australia, Sweden, Switzerland, South Korea, and Spain. These countries'
strong academic and industrial infrastructure likely contributes to their active engagement in SDL
research. Meanwhile, the emergence of SDL publications in other countries suggests a growing global
interest and the potential for broader participation in the field.

Table 5 presents the number of SDL-related papers published in each country. Countries with a
well-established research infrastructure, such as the top 10 contributors, are likely to lead in investing
in high-tech development. This leadership can be attributed to their robust research environments,
ability to attract skilled human resources, close industry-academia connections, effective government
policies, and strategic initiatives to enhance global competitiveness. These factors enable such
countries to accelerate the development and commercialization of SDL technologies. Consequently,
these nations achieve innovative breakthroughs that contribute significantly to their national
economies and security.

Table 5. Total number of national SDL-related papers published.

Nation Number of Publications (rate) Nation Number of Publications (rate)
USA 86 (39.3%) France 2 (0.9%)
Germany 32 (14.6%) India 2 (0.9%)
China 14 (6.4%) Saudi Arabia 2 (0.9%)
Canada 13 (5.9%) Bangladesh 1 (0.5%)
England 10 (4.5%) Russia 1 (0.5%)
Australia 9 (4.1%) Czech Republic 1 (0.5%)
Sweden 6 (2.7%) Pakistan 1 (0.5%)
Switzerland 6 (2.7%) Hungary 1 (0.5%)
South Korea 5 (2.4%) Greece 1 (0.5%)
Spain 5 (2.4%) Belgium 1 (0.5%)

Italy 4 (1.8%) Taiwan 1(0.5%)
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Brazil 3 (1.4%) Thailand 1 (0.5%)
Denmark 3 (1.4%) Ukraine 1 (0.5%)
Scotland 2 (0.9%) Netherlands 1 (0.5%)
Japan 2 (0.9%) Jordan 1 (0.5%)

The journal-wise analysis of SDL-related publications provides further insights into the research
landscape. Figure 4 illustrates the number of publications and citations for the top 10 journals
contributing to SDL research. Among the 145 journals, the top 10 journals accounted for 51
publications, representing 23.39% of the total. The relatively low concentration of publications in the
top 10 journals indicates that SDL research spans a wide array of disciplines, including computing
science, pure science, and other interdisciplinary fields. This convergence demonstrates the close
connection between SDL research and domains, such as Al, materials science, and microbiology.

L
8 Emm Article Count 461 —e— Times Cited

-400

- 300

Article Count
Times Cited

N
o
o

-100

Figure 4. Number of SDL-related papers published and cited by the top 10 journals.

Among the top journals, Digital Discovery leads with eight publications, but has a relatively low
citation count of 76, suggesting limited overall influence. Similarly, the Journal of Laboratory
Automation (JALA) has contributed six publications with 77 citations, reflecting some impact in
experimental automation research, but without significant citation influence. Conversely, Lab on a
Chip stands out as a highly influential journal with six publications garnering 175 citations. This
highlights the importance of microfluidics and small experimental devices in SDL research. Similarly,
npj Computational Materials contributed to SDL research in computational materials science, with
five publications and 91 citations.

Journals such as HardwareX and the Journal of Visualized Experiences (JoVE) exhibited
relatively low influences, recording 56 and 12 citations, respectively. Scientific Reports, an open-
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access journal, has shown a particular influence, with four publications receiving 149 citations.
Notably, Science Advances emerged as the most influential journal, despite publishing only four
papers and achieving an impressive 461 citations. This underscores its significant contribution to SDL
research and its high reliability in the field. These findings highlight the varying levels of influence
among journals contributing to SDL research. Journals such as Science Advances and Lab on a Chip,
have established themselves as pivotal platforms in this domain, given their high citation rates and
impact.

The analysis of SDL-related publications by the author identified key contributors and their
affiliated research institutions. A total of 1,146 authors and 317 research institutes were identified,
providing insights into the main contributors to the field and geographical distribution of SDL
research. Table 6 presents the top 10 authors with the highest number of publications, along with
their affiliated institutions and countries. This highlights the influence of individual researchers and
the international scope of SDL research.

Among the top contributors, Aspuru-Guzik? leads with eight publications, establishing himself
as a central figure in SDL research in Canada. Roch® and Noack® have published six papers each,
representing significant contributions from the United States. Roch? is affiliated with Harvard
University, and Noack® is based at the Lawrence Berkeley National Laboratory, both of which are
prominent research institutions driving SDL research in the U.S.

Jesse”), Reyes®), and Hickman® have published five papers each, demonstrating their active
involvement in the field. Jesse” and Reyes®) are affiliated with the Oak Ridge National Laboratory
and the University at Buffalo, respectively, underscoring the diversity of research institutions
contributing to SDL research in the U.S. However, Hickman? is a member of the University of
Toronto, reaffirming Canada’s pivotal role in this domain.

Other notable contributors included Vasudevan, Abolhasani, and Brown, each of whom
published four papers. Vasudevan'? is affiliated with the Oak Ridge National Laboratory,
Abolhasani'V with North Carolina State University, and Brown'? with Boston University, reflecting
the strong presence of SDL research across various U.S. universities and research centers. Kalinin'?,
who has contributed three papers, continues to play an active role in SDL research at the Oak Ridge
National Laboratory.

Overall, the findings highlight that SDL research is concentrated in major research institutes
such as the Oak Ridge National Laboratory, Lawrence Berkeley National Laboratory, and Harvard
University in the United States, as well as the University of Toronto in Canada. These institutions
and their researchers have made significant contributions to advancing SDL research by emphasizing
the central role of North America in this field.

Table 6. Number of papers published by the top 10 authors and research institutes.

Author Publication Count Affiliations (Nation)

Aspuru-Guzik, Alan 8 University of Toronto (Canada)

Roch, Loic M. 6 Harvard University (USA)
Noack, Marcus M. 6 Lawrence Berkeley National Laboratory (USA)

Jesse, Stephen 5 Oak Ridge National Laboratory (USA)
Reyes, Kristofer G. 5 University at Buffalo (USA)
Hickman, Riley J. 5 University of Toronto (Canada)

Vasudevan, Rama K. 4 Oak Ridge National Laboratory (USA)
Abolhasani, Milad 4 North Carolina State University (USA)
Brown, Keith A. 4 Boston University (USA)

Kalinin, sergei V. 3 Oak Ridge National Laboratory (USA)
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4.2. Network Analysis Results

The author network analysis was conducted to evaluate the roles and importance of authors
within the SDL research network using three centrality measures: Degree Centrality, Betweenness
Centrality, and Closeness Centrality. Degree Centrality identifies the number of authors with which
a specific author is directly connected, highlighting their collaborative significance within the
network. Betweenness Centrality measures the degree to which an author acts as an intermediary
with other authors, reflecting their role in bridging different collaborative groups. Closeness
Centrality assesses the efficiency of an author’s connections by measuring how quickly they can
access information through short paths to other authors in the network.

Figure 5 provides a comparative visualization of the Degree, Betweenness, and Closeness
Centralities of the top 20 authors in SDL research. Each metric demonstrates the influence and
collaborative dynamics of these authors, offering insights into their respective roles in fostering
cooperation and facilitating information flow within the network.

Authors with a high Degree Centrality, such as Jesse” and Brown'?, are recognized for their
extensive collaborations. These authors are directly connected to numerous researchers, making them
pivotal figures in the network and significantly influencing the field through active partnerships and
knowledge dissemination.

In terms of Betweenness Centrality, Reyes® and Brown'? stand out as key intermediaries. Their
positions enabled them to bridge disparate groups of researchers, coordinate collaborative efforts,
and ensure an efficient flow of information across the network. This intermediary role is essential for
spreading innovative ideas and strengthening connectivity in the research community.

Authors with high Closeness Centrality, including Jesse” and Reyes®, are strategically
positioned to quickly access and distribute information within networks. Their short connection
paths to other researchers effectively enhance their ability to gather and utilize cutting-edge research.

Overall, Jesse” and Reyes® emerged as influential figures across all three centrality measures.
Jesse” excels in Degree and Closeness Centralities, underscoring his central role in the collaboration
network and ability to rapidly spread research. Reyes® demonstrates exceptional performance in
Betweenness and Closeness Centralities, positioning him as a vital intermediary with fast access to
information. These findings highlight the authors’ significant contributions to the SDL research field,
emphasizing their roles in promoting collaboration, facilitating information flow, and driving
innovation.
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Figure 5. Top Authors by Network Centralities in Co-Authorship Analysis.

4.3. Topic Modeling Analysis Results

Prior to conducting topic modeling analysis, the optimal number of topics was determined
through a preliminary evaluation process. Figure 6 illustrates the calculation results for selecting the
optimal topic model and balancing the perplexity and coherence scores. The analysis identified five
topics with the best performance: a high coherence score and a relatively low perplexity score.
Coherence measures the semantic consistency among words within a topic, with higher values
indicating better interpretability. Conversely, Perplexity evaluates the model’s predictive
performance, with lower values indicating improved reliability. In this study, the five-topic model
demonstrated a strong balance between these metrics, achieving relatively high coherence and low
perplexity, signifying an optimal model performance. Based on these findings, five topics were
selected for subsequent analysis.
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Figure 6. Calculate the optimal number of topics for topic modeling.

Figure 7 presents the results of the Topic Model Intertopic Distance Map (IDM), which illustrates
the distribution of the five main themes in a two-dimensional space derived through
multidimensional reduction. Each theme is positioned along the PC1 and PC2 axes to provide
insights into their relationships and characteristics. Topic 1 is centrally located with high
interconnectivity with other topics, suggesting its role as a central theme encompassing common
elements shared across the dataset. Conversely, Topic 2 is positioned at the top of the PC2 axis,
relatively independent off other topics, and represents a distinct concept with a focused theme.
Topics 3 and 4 are distributed in opposite directions along the PC1 axis, each indicating specific and
unique attributes. Finally, Topic 5 is located at the lower left of the map, exhibiting a low correlation
with other topics, which implies a relatively independent character.

The Top-30 Most Salient Terms graph lists the key terms associated with each topic, highlighting
their unique characteristics. Common terms such as “material” and “cell” are the most frequent
across the dataset, underscoring their centrality in the research data. These terms suggest that
materials and cellular concepts are foundational elements of SDL-related research. The topic-specific
terms further define the unique attributes of each theme. For example, “atomic,” “dna,” and
“polymer” are closely associated with Topic 2, emphasizing its focus on biological and chemical
concepts. Topic 3 is characterized by terms such as “database” and “ai,” indicating its strong
connection to technical and computational elements. Additional terms like “biofoundry,”
“immobilization,” and “vesicles” further differentiate the topics, highlighting their specialized
content.

The IDM analysis reveals significant patterns in topic distribution. Topics centrally located, such
as Topic 1, show a high correlation with other themes, suggesting the potential for multidisciplinary
research and the need for a multidimensional approach. Conversely, topics positioned
independently, such as Topics 2 and 5, display low relevance to other themes. This indicates the need
for in-depth exploration within specific, specialized fields. These findings provide a visual and
analytical framework for understanding the subject structure of SDL research, offering valuable
insights for researchers to identify hidden relationships and set future research directions.

Table 7 presents the keyword weights assigned to each topic derived from the topic modeling
analysis. Each keyword’s weight reflects its importance within a specific topic and provides a
quantitative understanding of the terms that define each theme. These weights serve as crucial
indicators for characterizing topics, distinguishing between themes, and analyzing the centrality of
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concepts within the dataset. By examining the weights in Table 7, researchers can numerically
compare and interpret the distinct compositions of topics, which aids in the identification of
significant terms and their relevance to specific research themes. This numerical representation
facilitates a clearer understanding of topic modeling results, enhancing the ability to interpret and
utilize the insights for future research planning.
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Figure 7. Topic modeling IDM results.

Table 7. Number of papers published by the top 10 authors and research institutes.

Topic Keywords (Weights)

Topic 1 material (0.0400), optimization (0.0314), Synthesis (0.0234), chemical (0.0177),
strategies (0.0100), polymer (0.0090), bioprocess (0.0048), atomic (0.0045), gas (0.0032),

Topic 2 cell (0.0360), bioprocess (0.0103), enzyme (0.0052), extraction (0.0046), blood (0.0027),
pbmes (0.0024), susceptibility (0.0023), purification (0.0022), toxicity (0.0022),

Topic 3 algorithm (0.0131), artificial (0.0119), ai (0.0091), database (0.0048), prediction (0.0057),
Bayesian (0.0040), intelligence (0.0025), neural (0.0025), strategies (0.0023),

Topic 4 microfluidic (0.0121), liquid (0.0078), operation (0.0057), robotic (0.0052), fabrication
(0.0046), suspension (0.0042), equipment (0.0024,) sensors (0.0022), modules (0.0024),

Topic 5 measurement (0.0100), reproducibility (0.0081), techniques (0.0056), engineering
(0.0050), sensitivity (0.0028), electron (0.0028), architecture (0.0025), magnetic (0.0024),

Topic 1: Optimization and Synthesis of Materials

This topic centers on the optimization of various chemical and biological materials and
represents 40.07% of the total data. The key terms associated with this topic include material,
optimization, synthesis, and chemical, reflecting the focus on enhancing material properties and
synthesis processes. This study involves applying optimization algorithms and strategies to precisely
control chemical reactions and synthesize new substances. The ultimate goal is to improve the
physical and chemical properties of the materials, leading to the development of high-performance
materials suitable for diverse applications. This topic plays a crucial role in advanced materials
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research and applied chemistry by offering insights into technological advancements and potential
industrial applications.

Topic 2: Cells and Biological Processes

This topic focuses on cells and biological systems and examines various biological processes
occurring at the cellular level. It accounts for 19.08% of the total data, with key terms including cell,
enzyme, bioprocess, and extraction. This study addresses the production and enhancement of
biological materials through processes such as enzymatic reactions, cell purification, and bioprocess
optimization. Specifically, this topic explores methods to efficiently control and optimize complex
chemical reactions occurring within cells. These advancements offer new methodologies for drug
development and production of biological therapeutics, highlighting the potential for innovation in
biotechnology and biopharmaceutical applications.

Topic 3: Al and Predictive Algorithms

This topic focuses on leveraging Al and predictive algorithms to analyze and optimize the
properties of materials and chemical reactions. It accounts for 15.73% of the total data, with key terms
including Al, algorithm, and prediction. The research emphasizes using Al and neural networks to
predict and enhance chemical reactions and synthesis processes, with a particular focus on reducing
uncertainty and improving prediction accuracy through approaches such as Bayesian methods. By
significantly increasing the efficiency of materials research and synthesis, this topic presents a critical
research direction for advancing the application of Al in materials science and chemical engineering.

Topic 4: Microfluidics and Robotics

This topic explores the integration of microfluidic technology and robotics to enhance the
efficiency of biological and chemical research. It accounts for 13.27% of the total data, with key terms
including microfluidic, robotic, fabrication, and modules. Microfluidic technology enables the precise
control of small liquid volumes, optimizing chemical reactions and improving synthesis and
experimental efficiency. Robotics plays a critical role in automating experiments and enabling precise
manipulations, thereby facilitating the automation of repetitive experiments and complex processes.
This combination significantly enhances experimental reproducibility while maximizing time and
resource efficiency, thereby presenting a pivotal advancement in research automation and precision.

Topic 5: Measurement and Experimental Techniques

This topic focuses on measuring and analyzing the properties of materials and biological
processes, accounting for 11.86% of the total data. The key terms include measurement, architecture,
engineering, reproducibility, and reliability. This study emphasizes technical approaches to enhance
experimental reproducibility, utilization of diverse measurement devices and sensors, and
methodologies to ensure reliable data collection. By improving the experimental accuracy and
providing dependable analyses of new materials and chemical reactions, this topic highlights the
importance of enhancing the overall quality of research. It serves as a critical foundation for
advancing scientific exploration and achieving reliable experimental outcomes.

5. Discussions

This study analyzed SDL research trends over the past 20 years (2004-2023) using abstract data
from 352 SDL-related publications. By employing trend analysis, network analysis, and LDA topic
modeling techniques, this study identified key trends in SDL, including annual publication growth
rate, country-specific research concentration, journal publication patterns, author-specific
contributions, author network relationships, and topic-specific research tendencies. The findings and
implications are summarized as follows.

First, SDL research has rapidly increased since 2019, with the highest number of publications
recorded in 2020 and 2021. This surge is attributed to the rising demand for remote research
environments during the pandemic and advancements in Al technology, highlighting the necessity
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for SDL. These findings underscore the importance of SDL as a tool for improving efficiency in
various industries and academic disciplines.

Second, SDL-related publications are predominantly concentrated in the top 10 countries, such
as the United States, Germany, and China, which collectively account for over 85% of all publications.
This demonstrates that SDL research is primarily conducted in countries with well-established
research infrastructure. The prioritization of SDL in these nations reflects its perceived importance in
national competitiveness and the development of advanced technologies.

Third, SDL research is characterized by its interdisciplinary nature and converging fields such
as computing, biology, materials science, and Al. Publications appear not only in computing science
journals but also in pure science and applied technology journals. This indicates that SDL adopts a
cross-disciplinary approach, enhances research efficiency, and offers innovative methodologies in
various fields. Al and predictive algorithms play pivotal roles in automating experiments and
advancing research efficiency.

Fourth, author network analysis revealed that researchers with high centrality scores play
critical roles in promoting collaboration and facilitating the flow of information. For instance,
Stephen Jesse ranked high in terms of Degree and Closeness Centrality, highlighting his role in
fostering collaborations and serving as a central figure in the dissemination of research. These
findings indicate that global collaboration is a key driver of SDL research and that interconnectedness
among researchers significantly contributes to its advancement.

Finally, topic modeling identified key research themes such as material optimization and
synthesis, cell and biological processes, Al and predictive algorithms, microfluidics and robotics, and
measurement and experimental techniques. Active research is being conducted in areas such as
material synthesis, the optimization of biological processes, and Al-based prediction. These trends
demonstrate the potential of SDL to improve research efficiency and applicability across diverse
domains, reflecting its transformative impact on the scientific research paradigm.

Previous studies emphasized the integration of SDL in medical and pharmaceutical research [5].
This study expands on prior research by confirming the active adoption of SDL not only in the
medical and pharmaceutical fields but also in various engineering disciplines. Furthermore, it
highlights the efficiency and potential of SDL, particularly its rapid implementation in fields such as
chemistry and materials science. Significant research and development has also been observed in the
theoretical and conceptual foundations of automated laboratories. By identifying detailed topic-
specific trends, this study contributes to the understanding of the potential applications of SDL in
various industrial domains.

6. Conclusions

This study aimed to facilitate the adoption and utilization of SDL and provide foundational data
that can enhance scientific research by actively applying SDL across various industries. By analyzing
SDL research trends over 20 years (2004-2023) using 352 abstracts, this study employed trend analysis,
network analysis, and LDA topic modeling to derive key insights. These included the growth rate of
SDL-related publications by year, country-specific research concentration, journal-specific
publication patterns, author relationships, and topic-specific research trends.

The major findings of this study are as follows. First, SDL research has grown rapidly since 2019,
with the highest number of publication recorded in 2020 and 2021. This growth is largely attributable
to the demand for remote research environments during the pandemic and advancements in Al
technology, underscoring SDL’s emergence as an essential tool for enhancing research efficiency
across disciplines. Second, SDL-related publications are highly concentrated in leading countries,
such as the United States, Germany, and China, which account for over 85% of the total research
output. This indicates that countries with advanced research infrastructure strategically focus on SDL
to enhance their global competitiveness and technological leadership. Third, SDL research is
characterized by its interdisciplinary nature and integrates fields such as material optimization,
biological processes, and Al-based predictive algorithms. The integration of Al has played a pivotal
role in automating experiments and improving research efficiency, emphasizing SDL’s potential to
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drive innovation and expand its application scope across various fields. Fourth, the network analysis
highlights the importance of collaborative dynamics in SDL research. Key figures, such as Jesse?,
were identified as central nodes facilitating collaborations and advancing research dissemination.
These findings underscore the role of global cooperation in SDL’s development and its reliance on
interconnected innovation networks. Finally, SDL has been shown to transform scientific research
paradigms by combining automation and optimization, positioning itself as a critical methodology
in the Al era. This trend reflects SDL’s growing indispensability in addressing complex scientific
challenges and enhancing productivity across industries and academia.

This study highlights SDL’s transformative potential and sustainability in academia, industry,
and policy-making. In the industrial sector, the adoption of SDL enables reassessment of R&D
priorities and investment strategies. By leveraging SDL, industries can gain strategic insights for
adapting rapidly to evolving research trends, thus contributing to sustainable industrial growth.
Furthermore, SDL facilitates the identification of emerging technologies and commercialization
opportunities, enabling companies to prepare for new product development and market expansion.
These capabilities allow businesses to proactively seize market opportunities, respond flexibly to
volatility, and enhance global competitiveness. In academia, the SDL trend analysis serves as a
foundation for shaping research directions and refining educational programs. Integrating
knowledge and technologies aligned with current and future research trends in curricula fosters the
development of industry-ready talent. This contributes to sustainable collaboration between
academia and industry while enhancing the practical applicability of research outcomes. Moreover,
SDL-driven educational advancements strengthen academia-industry partnerships, ensuring a more
sustainable and effective translation of research into industrial innovation. From a policy perspective,
this study provides critical evidence for the formulation of science and technology policies. The SDL
trend analysis offers insights into sustainable strategic investment priorities and regulatory
frameworks that bolster national competitiveness in science and technology. Moreover, aligning
regulations and support programs with SDL advancements plays a pivotal role in creating an
environment conducive to scientific research and innovation at the national level.

This study analyzed 218 papers, and the dataset reflected the early stages of SDL as an emerging
technology. Future research should include a more diverse range of publications as SDL adoption
becomes more widespread. Further studies should explore the challenges and solutions to SDL
implementation in specific industries. Tailored approaches are required to optimize SDL’s impact
and address the barriers unique to each sector. Moreover, investigating how SDL is integrated with
Al to foster cross-disciplinary research can provide valuable insights into its transformative potential.
By addressing these challenges, future research can contribute to the successful implementation and
broader adoption of SDL in diverse scientific and industrial contexts.
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