Technovation 135 (2024) 103050

FI. SEVIER

journal homepage: www.elsevier.com/locate/technovation

Contents lists available at ScienceDirect

Technovation

Check for

Quantifying advances from basic research to applied research in e

material science

Noriyuki Higashide ", Yi Zhang ", Kimitaka Asatani®, Takahiro Miura“, Ichiro Sakata®

2 Department of Technology Management for Innovation, School of Engineering, The University of Tokyo 7-3-1 Hongo, Bunkyo-ku, 113-0033, Tokyo, Japan
Y Australian Artificial Intelligence Institute, Faculty of Engineering and Information Technology, University of Technology Sydney 15 Broadway, Ultimo, 2007, NSW,

Australia

ARTICLE INFO

Keywords:

Management of technology and innovation
Management science

Science and technology policy

Network science

Computational social science

Science of science and innovation

ABSTRACT

Exploring the connection between basic science and its practical applications is critical to consider the social
justification of the substantial governmental investments in science. However, there’s a limited understanding of
global research patterns and the dynamics of researcher collaboration from a basic-applied perspective because
such studies have been mainly focused only on the biomedical field. Here, the main goal is to propose an in-
dicator to quantify the degree of basic-applied research in academic papers. Using the indicator, we uncover how
material science has advanced from basic to applied research, based on the international trends of the indicators
and the affiliations of the scientists involved. We develop a methodology that indexes levels of advancement from
basic research to applied research based on large-scale text data. The continuous scores assigned to each paper
are derived from a vector space embedding technical terms from a broad network data. These scores align with
experts’ views in material science. This methodology enables us to monitor international trends that China has
significantly advanced into applied research, as well as Chinese applied scientists increasingly associating with
their domestic institutions. As science and technology implication, our methodology extends the boundary of
assessing scientific research on its proximity to real-world applications and provides a tangible measure for

funding agencies managing to fund or design research environments.

1. Introduction

Governments invest in scientific research to expand our scientific
understanding, ignite innovation, drive economic progress, and enhance
societal welfare. This activity seems to be motivated by Linear Model,
which is commonly understood to progress from basic research to
applied research and eventually to real-world applications (Balconi
et al., 2010; Bush, 2020). In biology, for instance, once basic research at
the cellular or genetic level uncovers promising leads for particular
diseases, advancing toward drug development, and then, through clin-
ical research and trials, novel drugs hit the shelves. In electronics, after
quantum mechanics theory was largely completed, band theory allowed
control of electrons at a quantum level, which led to the age of semi-
conductor engineering, and today, semiconductor devices are indis-
pensable for maintaining civilization. Considering that these processes
happen in various fields, it becomes clear that investing in basic science
is utterly essential for our society to better drive applied research and
commercialization.
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The motivation for political funding for science and technology has
been driven by the narrative that investing boosts national security,
creates jobs, improves public health, and enhances the quality of life, all
contributing to the nation’s wealth (Macilwain, 2010). This approach
stems from Vannevar Bush’s post-war recommendations (Bush, 2020).
Investment in basic research was primarily touted for such benefits, yet
the narrative was largely based on anecdotes or weak rationals lacking
quantitative or objective evidence (Macilwain, 2010; Lane, 2010). In
response to such trends, approaches that utilize multiple data to assess
outcomes of funding in science and technology were proposed in 2010
exemplified by STAR METRICS (Lane and Bertuzzi, 2011). Lane and
Bertuzzi (2011) suggests the creation of a data infrastructure that
compiles scientific outcomes in as open as possible. It argues for the
necessity to quantitatively evaluate outputs like grant proposals,
awards, publications, and patent connectivity, in order to conduct
cost-benefit analysis for future investment strategies.

Since then, the economic, technological, and academic benefits of
funding in science and technology have been evaluated using data.
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Weinberg et al. (2014) showed that research and development expen-
ditures by the federal government have supported scientific research
activities, leading to the employment of a diverse range of talents,
including students, postdocs, and research staff, and to the consumption
of a variety of goods and services purchased locally, nationally, and
across the country. Some studies have examined the relationship be-
tween research and development spending and economic indicators
(Coccia, 2009, 2018b). Technological benefits have been mainly
assessed by measuring academic papers’ citations from patents (Jeffer-
son et al., 2018; Ahmadpoor and Jones, 2017). Li et al. (2017) revealed
that 10% of NIH-funded academic research directly contributes to pat-
ent development, showcasing a tangible return on public investment in
science. Patents in the U.S. increasingly depend upon federally sup-
ported research and it has reached nearly 30% in 2019 (Fleming et al.,
2019). For academic benefits, funded research projects appear in more
prestigious journals and attain more citations than non-funded ones
(Yan et al., 2018; Alvarez Bornstein and Bordons, 2021; Roshani et al.,
2021; Mosleh et al., 2022; Coccia and Roshani, 2023, 2024). As shown
here, data utilization to inform funding decisions has become increas-
ingly important.

In recent years, Science, Technology and Innovation (STI) policies
have been at a turning point, requiring a broader perspective on in-
vestments in scientific research. Amid global challenges such as pan-
demics, climate change, and security crises, the OECD has launched
initiatives urging countries to shift their STI policies to address these
crises (OECD, 2023). Collaborating globally to drive innovation is
essential to tackle these worldwide challenges, making research in-
vestment crucial. During this pivotal time in STI policy, understanding
how scientific research in academia can lead to innovation in the real
world is becoming essential for funding agencies.

Yet, funding agencies increasingly struggle to accurately assess the
values of complex and specialized science. Traditionally, research topics
have been evaluated through expert discussions, but such qualitative
assessments are limited by the experts’ knowledge and quality. The
number of academic papers is growing exponentially, potentially over-
looking signals of emerging science and technology trends or rising new
fields worldwide. To address this issue approaches combining large-
scale data and analytical methods have been proposed to grasp global
trends in cutting-edge scientific and technological innovations (Athey,
2017; Baas et al., 2020; Liu et al., 2023), enabling funding agencies to
obtain antenna-like capability. They can quantitatively evaluate science
using various indicators such as trends in research papers and patents,
citations and novelty as a measure of impact, and researchers’ attributes
and performance.

Research portfolios should also be considered based on whether
research projects lean towards basic or applied research (Dudley, 2013).
Understanding the distance to practical application when aiming for a
certain direction of innovation can support funding agencies’ decisions.
This concept has traditionally been thought of in terms of Technology
Readiness Levels devised by NASA, based on qualitative discussions and
limited by the fields it applies to and the participating experts’ knowl-
edge (Nakamura et al., 2013). Designing a data-driven indicator based
on knowledge across various is critical for the future of funding for
science, technology and innovation.

The goal of this study is to propose a method that uses large-scale
data to calculate an indicator determining where academic papers fall
on the spectrum between basic and applied research. Further, the other
goal is to use this indicator to uncover valuable information that can
support data-driven decision-making. Investigating how scientific
advance follows the Linear Model and exploring scientists’ collabora-
tions are fundamental questions in science and technology, as we review
in Section 2. Therefore, this indicator is utilized to gain new insights into
the evolution of scientific fields and the collaboration among scientists.

We choose nanocarbon materials as a case study because the field has
advanced from basic research through applied studies and finally to
commercialization in the past 50 years, suggesting a perfect case to
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evaluate a novel quantitative indicator (Li et al., 2014; He et al., 2018;
Soliman et al., 2020). When using metrics to assess the development of
fields, the study expands the scope to photocatalysts and batteries,
confirming the versatility of the metrics within the broader context of
material science. Regarding collaboration among researchers, the focus
is particularly on those from Japan, the US, and China in the nanocarbon
materials field, where there is a high volume of publications.

2. Literature review

We will review the definitions and relationships between basic and
applied research, as well as their identification methods, which are
closely linked to the main topic. Assuming the advance from basic to
applied research, we also discuss related topics such as the science-
technology linkage and the evolution of scientific disciplines. Further-
more, understanding the evolution of science includes examining the
affiliations of scientists as a background factor, which relates to and will
be reviewed under the topic of collaboration in science.

To argue basic and applied research, we use Pasteur’s Quadrant
which Donald Stokes challenged the Linear Model’s simple dichotomy of
basic versus applied research and proposed a two-axis classification
(Stokes, 2011). The one axis questions if research considers practical
use, and the other, if it aims for fundamental understanding (Table 1).
Based on these two axes, the classification includes: 1) Pure basic
research, not aimed at practical use but driven by curiosity and seeking
fundamental understanding, exemplified by Neils Bohr, 2) Pure applied
research focused on practical use symbolized by Tomas Edison, 3)
Use-inspired basic research, motivated by practical goals and contrib-
uting to fundamental understanding of phenomena, fits Louis Pasteur, 4)
unnamed group, not aim for basic understanding neither practical use
(Dudley, 2013).

Here, basic research is the type of research that generally falls into 1)
Pure basic research within Pasteur’s Quadrant. Their objective is to
understand pure scientific phenomena or fundamental properties. For
example, studies of the fundamental mechanisms of DNA and examining
unknown physical properties of new nanomaterials. However, even in
basic research, it’s common to secure grants with practical applications
in mind, often aligning with category 3) Use-inspired basic research. For
instance, understanding nanomaterials could benefit next-generation
electronics, like integrated circuits or solar cells. Also, understanding
how the brain forms new neural connections might suggest novel
treatments for brain injuries.

Applied research is executed mainly to explore practical solutions to
address specific situations or issues. This often fits category 2) Pure
applied research. Examples of applied research include developing new
clinical treatments for certain cancers or improving the performance of
silicon solar cells. Yet compared to Edison’s time, technology has
become more specialized and interdisciplinary, requiring foundational
scientific understanding and expertise across multiple fields. In some
fields, part of category 3) might also be considered as applied research.

Basic research and applied research influence each other. It’s
commonly believed today that research and development proceed
through a sequence of basic research, application, and productization,
known as the Linear Model (Balconi et al., 2010; Bush, 2020). General
scientific knowledge derived from pure basic research can lead to
innovative technologies in the next generation represented by the flow

Table 1
Pasteur’s quadrant (Stokes, 2011).

not considers
practical use

considers practical use

aims fundamental 1) Pure basic 3) Use-inspired basic

understanding research research
not aims fundamental N/A 2) Pure applied
understanding research
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that quantum mechanics guided semiconductor transistors. However,
the advance of science and technology is not limited to this pattern.
Products released through applied research for productization can
enable subsequent basic research, expanding the frontier of knowledge
(McKelvey, 1985). New technologies from pure applied research not
aimed at fundamental understanding can shape the next generation’s
pure basic research. When the steam engine was created, there was no
explanation or theory for its operation; the theory of thermodynamics
was established later. Additionally, understanding fundamental phe-
nomena requires observational technologies; technologies like tele-
scopes and clocks were essential for verification of laws of motion
explaining celestial movements.

In fields like advanced materials and biopharmaceuticals, the Linear
Model is more prevalent because these technologies must ensure safety
and industrial stability before reaching the stage of societal imple-
mentation at scale. Indeed, many basic researchers in such fields are
required to demonstrate potential applications of their research when
seeking grants. For example, they are the impact of genetic traits on
diseases or how quantum-level behavior of electrons or photons could
become key technologies for next-generation computer (Dudley, 2013).
In this study focused on advanced materials, we aim to identify where
academic papers lie on the advance from basic to applied research.

The Linear Model assumption has been the mainstream trend from
the post-war period to today (Pielke Jr, 2012; Bush, 2020). After the
Second World War, following the successful military application of basic
research, Vannevar Bush proposed to President Roosevelt how to
conduct scientific research as a nation (Bush, 2020). Under the
assumption of linear advance from basic to applied, budget allocation
mechanisms for science and technology have been designed not only in
the U.S. but also in many other countries. The assumption of progress
from basic to applied research and then to commercialization is also
evident in studies that explore how fundamental university research
diffuses into corporate innovation (Cao et al., 2023) and the impact of
technology transfer in big science (Scarra and Piccaluga, 2022).

Common techniques used to identify the position of a paper in the
spectrum from basic to applied research can be classified into two cat-
egories: those using textual information and those using the structure of
citation networks. Our study aims to enhance the text-based approach.
Originally, biomedical journals were manually classified into four
research levels to understand the structure of biomedical literature
(Narin et al., 1976). In 2004, the classification of research levels for
roughly 3000 journals was accomplished by text processing. By calcu-
lating the percentage of article titles containing a particular group of
words identified as “basic” or “clinical,” classification is consistent with
Narin’s proposed levels (Lewison and Paraje, 2004). A machine learning
model that used textual information has been presented that classifies
individual articles into four research levels using their titles, abstract
words, and cited references (Boyack et al., 2014). In a study of machine
learning, a unique five-stage category ranging from basic to applied
research distinct from Research levels was devised and allowed for
high-accuracy classification (Surkis et al., 2016). A machine learning
system was also developed to identify if an article is likely to be refer-
enced in future clinical trials or guidelines (Hutchins et al., 2019).
Predefined technical terms assigned to each biomedical article, MeSH
terms, were used to build a technique that creates a basic-to-applied map
(Weber, 2013). In 2019, a method was developed to assign a continuous
research level to over a million articles by analyzing the co-occurrence
network of these technical terms (Ke, 2019). This value is defined as
Level Score, which is also well aligned with the research level proposed
by Narin et al. (1976) and allows for more quantitative analysis of the
spectrum from basic research to applied research. However, the tech-
nique is only used in the medical field as it necessitates using
human-maintained technical terms linked to the articles, which are
MeSH terms.

The impact of scientific papers on technical applications is also
measured by how patents cite them (Narin et al., 1997; Ahmadpoor and
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Jones, 2017; Ke, 2020a, 2020b; Manjunath et al., 2021). These are the
methodology based on the paper-patent citation network. Some work
has expanded on the paper-patent relationship to government grants.
They investigate how government grant-supported research resulted in
publications, patents, and products. For instance, the majority of the
impact of NIH-granted research on patents is indirect (Li et al., 2017).
Also, those applying for patents rely on research supported by federal
funds as a knowledge base (Fleming et al., 2019). According to these
reports, both basic science and applied science have an equal impact on
innovation in drug discovery (Du et al., 2019; Ke, 2020a).

The interconnection between science and technology is crucial for
fostering innovation, particularly evident in fields like nanotechnology,
where scientific knowledge across physics, chemistry, and material
science (Islam and Miyazaki, 2009, 2010). Mansfield (1991) argues if it
were not for the contribution of academic research, 10% of new prod-
ucts and manufacturing methods would have been significantly delayed
in their introduction. The significance of science in driving economic
growth through innovation is acknowledged (Narin et al., 1997), with
patent citation analysis serving as a method to gauge the
science-technology connection (Albert et al., 1991; Narin and Breitz-
man, 1995; Michel and Bettels, 2001). Recent studies utilize network
analysis to identify emerging research fronts by analyzing academic
paper citation networks, revealing gaps between science and techno-
logical applications, like in solar cell development (Shibata et al., 2010,
2011). Semantic similarity and publication time lag between papers and
patents are also evaluated to understand their interplay better (Ogawa
and Kajikawa, 2015; Yang et al.,, 2023). Additionally, the use of
computational approaches for monitoring emerging technologies (Kye-
bambe et al., 2017; Ogawa et al., 2018; Li et al., 2019) and assessing
“start-up readiness” in the biopharmaceutical sector (Goji et al., 2020)
demonstrates the growing reliance on quantitative analysis to explore
the dynamics of science-technology linkages, which are becoming more
apparent across various fields thanks to enhanced network analysis
techniques and data availability (Ahmadpoor and Jones, 2017; Ke,
2020a, 2020b; Manjunath et al., 2021).

Mario Coccia’s studies explore the evolution of scientific disciplines,
highlighting key dynamics and influences. His 2018 research indicates
that a few dominant disciplines often drive field evolution (Coccia,
2018a), and his 2020 study on a theoretical framework of scientific
evolution details the necessary for societal progress made changes
(Coccia, 2020). “Technological parasitism” explains how technologies
coevolve through interdependent relationships (Coccia and Watts,
2020). In addition to theories and conceptual frameworks about the
sources and failures of innovation (Coccia, 2017, 2023), Boyack et al.
(2005) have presented a new map depicting the overall structure of
science based on scholarly articles. Such efforts reflect ongoing in-
vestigations into the evolution of science through generalizable theories
derived from case studies and empirical studies. However, examining
the evolution of specific fields through the lens of the basic-to-applied
science continuum using large-scale data has yet to be conducted.

Understanding the patterns of international collaborations is also an
important piece for a comprehensive picture of the evolution of science.
Thus, it has been discussed, with a global increase and a rising presence
of countries like China, moving beyond a Western-centric view (Luuk-
konen et al., 1992; Adams, 2012). Historically international collabora-
tions are more common in basic research fields and less so in applied
research, the gap between these fields has been narrowing (Coccia and
Wang, 2016; Coccia and Bozeman, 2016; Bozeman and Youtie, 2016).
This may suggest that international boundaries in many areas are
becoming increasingly blurred. Pan et al. (2012) demonstrated that the
strength of collaborative research between cities decreases as the dis-
tance between them increases and that a country’s total research impact
linearly grows in proportion to its research and development funding.

There have been studies focusing on sociological approaches, like
theoretical frameworks, to explain the dynamics and outcomes of
research collaboration among scientists. Bozeman and Corley (2004)
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have examined how scientists at academic research centers in the U.S.
utilize “Scientific and Technical Human Capital” through research
collaboration. It has revealed that tenure, larger grants, and gender
significantly influence collaboration patterns and strategies. Collabora-
tions have been categorized into knowledge-focused and
property-focused, proposing a new analytical framework and offering
improvements for future research on collaboration dynamics and out-
comes (Bozeman et al., 2013). Bozeman et al. (2016) highlights factors
to influence the quality of collaborative efforts, by analyzing interview
contents to identify good and bad collaboration dynamics with 60 U.S.
academic researchers.

On the other side, there also have been lots of mathematical
approach, network analysis and agent model, to understand collabora-
tions in science. The study has explored the structure and dynamics of
scientific collaboration networks, highlighting the ”small world” char-
acteristics of such networks where scientists are closely connected, often
separated by only a few steps (Newman, 2001). The distribution of
coauthorships tend to follow a power-law (Newman, 2004). Factors like
team size, newcomer ratios, and repeat collaborations shape network
structure and performance (Guimera et al., 2005). The studies also
demonstrate that an author’s centrality in a network correlates posi-
tively with the impact of their research (Uddin et al., 2013) and that
disciplines evolve through social interactions within these networks,
influencing the broader scientific landscape (Sun et al., 2013). Each
piece underscores the importance of understanding collaborative pro-
cesses to optimize scientific innovation.

3. Methods
3.1. Research setting

As we mentioned in Section 1, the research questions for this study
are.

@ How can basic and applied research be accurately quantified?

@ How does the research focus of a country shift from basic to applied
research over time?

@ How does scientific collaboration change during the transition from
basic to applied science?

These questions aim to explore the effectiveness of quantitative
measures in understanding and visualizing the dynamics of scientific
research and collaboration.

As a case study, material science is selected for two main reasons to
explore these questions. Firstly, it’s a rapidly evolving field spanning
basic to applied research, which allows us to verify if the method can
accurately capture this growth. Secondly, it’s a very large field with
many researchers and publications, and diverse including areas like
batteries, solar cells, biosensors, and composite materials (Islam and
Miyazaki, 2009, 2010). Nanocarbons, in particular, are an appropriate
subfield to analyze because of the clearer advancing stream from un-
derstanding basic scientific properties to exploring potential
applications.

Nanocarbon materials, encompassing fullerenes, carbon nanotubes,
and graphene, offer promising avenues for future structural materials,
electronic gadgets, and electrochemical substances due to their light-
weight nature, unparalleled thermal and electrical conductance, and
specific electrochemical traits (Li et al., 2014). Initially, the focus on
basic research has arisen, and these materials have gradually become the
subject of applied studies, showcasing a rise in interdisciplinary con-
nections (Maruyama, 2002; Maruyama et al., 2002; He et al., 2018).
Recent research endeavors are actively pivoting towards real-world
applications like biosensors, electrocatalysts, nano-scale light sources,
cellular biotechnology (Begum et al., 2011; Jiao et al., 2015; Justino
etal., 2017; Higashide et al., 2017; Chu et al., 2021). Commercialization
efforts have notably accelerated in the past decade, exemplified by a
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surge in patent activities and the launch of innovative products (Higa-
shide et al., 2023). A particular product, comprising ultra-fine carbon
particles, serves as an additive to improve thermal and electrical prop-
erties in various materials, such as cement (Soliman et al., 2020). The
field of nanocarbon materials is transitioning from a research-centric
phase to one of commercial viability. Given that these materials are
carbon-based and exhibit unique physical properties, they are increas-
ingly seen as sustainable substitutes for traditional materials in a world
moving towards decarbonization.
The assumptions in this study can be summarized as follows.

@ The majority of science and technology advances from basic research
to applied research and finally to commercialization.

@ Government funding for science and technology is often based on
this pattern.

@ Research on nanocarbon materials has progressed globally according
to this pattern.

@ For funding agencies, the need to use large-scale data to gain an
overview of national development and scientific collaboration is
increasing.

3.2. Sample and data

We prepared detailed research paper data from the Scopus Custom
Dataset by Elsevier, covering all the documents it has listed from 1970 to
2020. Scopus is the largest database for summaries and citations of
reviewed scholarly articles. With 73 million papers and 1.2 billion ci-
tations in almost every research area, it is larger than other similar da-
tabases, and hence researchers widely use Scopus data to study
bibliometric and citation patterns (Asatani et al., 2018, 2023; Baas et al.,
2020; Miura et al., 2021).

We first built a computational environment to handle the large
Scopus dataset using Python and then extracted papers that contained
both ”carbon nanotube” and "luminescence” in their titles, keywords, or
abstracts. 2,500 papers are obtained but the number is small for analysis.
Consequently, we expanded our initial data to include papers directly
connected to the citation network, which means including both citing
and cited papers, totaling 81,634 papers (Fig. 1a). This approach
allowed us to broadly cover adjacent papers related to the luminescence
of carbon nanotubes, namely those about nanocarbon materials and
their functional properties. The paper covers the period from January
1970 to December 2020, providing information sufficient to observe the
advances in this field over 50 years.

3.3. Measures and variables

To address the research questions, it is necessary to define and
measure specific indicators for each. First, we need a method and vari-
ables to quantify the extent of research from basic to applied, which will
be discussed in the next subsection. For the second and third questions, it
is essential to assign nationalities to research papers. Apart from the
level of basic to applied research, the impact of papers will be assessed
using citation counts as reference information.

In our Scopus dataset, the organization that each author belonged to
at the time of publication is recorded for each paper, and each organi-
zation is linked to their nationality. Some papers are written solely by
authors from within the same country, while others are collaborative
efforts involving authors from organizations across multiple countries.
The nationality of each scientist was defined as the nationality of the
organization when they wrote their first paper in their career (Sugimoto
et al., 2017).

To estimate the impact of each paper, we used the number of cita-
tions it received within 10 years after publication Cjo (Sinatra et al.,
2016). We then normalized Cyo by dividing it by the mean citations in
the paper’s field and publication year in order to calibrate for variations
in publication frequency and impact across different fields (Radicchi
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Fig. 1. Illustrating term-based methodology to quantify the degree of scientific advance. (a) Papers related to nanocarbon materials and their functional properties.
From these, specialized terms are extracted, with those in blue associated with basic research, and those in red linked to applied research. (b) The term co-occurrence
network. The edges are weighted by co-occurrence frequency, and the nodes are 3,796, equivalent to the number of extracted terms. The figure shows the part of the
network whose edge weight is high. Blue and red nodes represent terms relevant to basic and applied research, respectively. (c) The concept of vectorizing the co-
occurrence network. Each node is converted into a 128-dimensional vector using LINE. In the vector space, an imaginary vector is defined from the centroid of the
basic nodes to that of the applied nodes shown as the green vector from the blue cross mark to the red cross mark. The cosine similarity between this vector and the
others offers a quantified value, Topic-Aware Level Score, reflecting the advance from basic research to applied research.

et al., 2008). The fields are identified using the codes assigned to the
Scopus dataset. We used a log-transformed value with a base of 10 since
normalized C( follows a log-normal distribution.

3.4. Models and data analysis procedure

We developed the methodology to identify levels from basic to
applied research, drawing upon a former study (Ke, 2019). This model
uses a large corpus of academic papers and a specialized terminology
dictionary as inputs. It obtains vector representations of co-occurrence
networks of terms, then the extent of research from basic to applied is
calculated.

The previous study required a dataset of specialized terms linked to
each paper, but in the targeted nanocarbon field, no such pre-defined
data exists. We used the Latent Dirichlet Allocation (LDA) topic model
to automatically extract technical terms (Blei et al., 2003). LDA topic
model is a widely-used unsupervised method, meaning we can explore a
holistic view of latent topics without much attention and computational
cost. We began with assembling a corpus from our nanocarbon paper
collection by combining the title, abstract, and keywords for each paper,
and then we removed any symbols and stop words. Next, We defined
eight topics and obtained the 500 most frequent terms for each. After
eliminating duplicates, 3,796 unique technical terms were left.

Some of the terms are needed to be categorized as either basic or
applied research, but it’s not practical to examine each term individu-
ally. In the prior research we referred to, terms belonging to the “cell” or
“animal” categories in MeSH dataset are labeled as basic research, while
words in the “human” category are labeled as applied research (Ke,
2019). Inspired by that approach, we labeled terms utilizing the eight
topics. The topic A is represented by technical terms such as “quantum”,
“phonon” and “physics”, indicating fundamental physical properties of
nanocarbon materials. The another topic B is characterized by
“biosensor” or “clinical”, which represents clinical applications. There-
fore, 437 terms associated with topic A are labeled as basic research, and
437 terms from topic B are applied research. A sample of these terms and

their labels is presented in Fig. 1a. Note that we found also that the topic
A and topic B were the farthest apart in the two-dimensional space of
principle component analysis.

We then weaved the terms into a co-occurrence network; Each term
forms a node, and the edges are weighted to reflect the number of co-
occurrence (Fig. 1b). This exercise allows us to define semantic dis-
tances between the terms. Surrounding the basic terms highlighted in
blue are words such as “temperature”, “optical”, and “states”, which
denote the physical characteristics of materials. Around the red nodes,
terms such as “diagnosis”, “applied”, and “human” illustrate applica-
tions of the materials.

Obtaining vector representations of nodes is called network
embedding. Embedding a co-occurrence network helps computers un-
derstand terms’ meanings better with lesser computational power and a
broader range of data processing. Large-scale Information Network
Embedding (LINE) is one of the embedding techniques. We employed
LINE because it is more computationally efficient for large-scale net-
works and able to preserve higher-order proximity compared to other
method such as node2vec (Tang et al., 2015; Grover and Leskovec,
2016).

By using LINE, we obtained 128-dimensional vectors for each of the
3,796 terms (Fig. 1c). Note that 128 is the default parameter setting of
the LINE package. These vectors numerically reflect the relative se-
mantic differences and therefore, the center of gravity in the vector
space of terms labeled “basic” represents the conceptual center of basic
research. Considering this, we next defined the vector from the centroid
of terms labeled as basic research to that of terms labeled as applied
research. The green vector shown in Fig. 1c, Translational Axis, serves as
our compass - pointing from the realm of fundamental understanding to
practical application. By calculating the cosine similarity of each term
with the translational axis, the degree of advance towards application
was quantified.

We named the value Topic-Aware Level Score. This is a continuous
measure indicating the advance from basic to applied research presented
in Section 2. Note that the similarly calculated value was named Level
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Score in prior research (Ke, 2019). We have adopted the different name
due to this method drawn on the terms extracted using topic model. A
unique contribution is its ability to calculate scores in areas without a
specific terminology dictionary.

To validate the calculated Topic-Aware Level Scores, we performed
the expert assessment with two researchers who were asked to assign
scores from basic to applied on a five-level scale. Text-based data
analysis results are commonly evaluated by experts to ensure the val-
idity of the findings (Zhang et al., 2014, 2016, 2018). To ensure a
balanced selection across a range of the scores, papers were randomly
chosen: those with scores below the 20th percentile, those with scores
above the 80th percentile, and those with scores falling between these
two percentiles. 10 papers were selected from each and 1 paper was
excluded due to incomplete information. The interviews were conducted
through online surveys. Based on the papers’ titles, journals, publication
years, and keywords, the experts were asked to classify them into five
research levels: “basic”, “somewhat basic”, “intermediate”, “somewhat
applied”, and “applied”. Two experts were researchers in the field of
nanocarbon materials at the School of Engineering, The University of
Tokyo. Expert A is an assistant professor and Expert B is a professor.

Aiming for the second goal of understanding the development of
science by country using metrics, we calculated the Topic-Aware Level
Score for papers and plotted the dependency on publication year for
each country. To ensure the applicability of this method beyond just one
field, we focused on two subfields of material science: photocatalysts
and batteries (Fig. 5d-i). Both have growth patterns similar to nano-
carbon that Japan and the U.S. initially led in these areas, but China later
dominated in their applied research (Ibhadon and Fitzpatrick, 2013).
For photocatalysts, we gathered papers that included the following
keywords; “photocatalyst”, “photocatalysis”, “photocatalytic materials”,
“titanium dioxide”, and “zinc oxide” in their title or abstract. This
resulted in a collection of 128,386 papers. For batteries, the query terms
were “battery material”, “lithium ion battery”, “anode material”,
“cathode material”, “solid state battery” and “sodium ion battery”,
yielding a collection of 52,113 papers. Publication periods range 50
years from January 1970 to December 2020 for each collection. In both
domains, we created a corpus and applied the LDA topic model for term
extraction. Subsequently, terms were labeled under expert knowledge,
and Topic-Aware Level Score was calculated for each paper using
network vectors.

To effectively visualize trends in scientific collaboration and under-
stand the underlying factors differentiating the research focus between
countries, we consider the transition of China into applied research
compared to the continued emphasis on basic research in the U.S. and
Japan in nanocarbon materials as the case. This shift could be attributed
not just to China’s rapid economic growth and significant government
investment, but to unique aspects of the research environment. By
applying Topic-Aware Level Score and data-centric analysis, we can plot
and examine these national trends over time, providing clear visual in-
sights into the dynamics of global scientific collaboration and
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development strategies.
4. Results

On examining Topic-Aware Level Score of individual terms, an
intriguing pattern emerges; terms associated with basic research tend to
score lower, while those tied to applied research bear higher scores
(Fig. 2a). For instance, in the area of —0.5, we can see terms such as
“phonon” that have a basic label and obviously physics-related term
“atomistic” that isn’t labeled. By contrast, around 0.5, we notice the
term “biomarker” that isn’t labeled but leans towards application. By
averaging the scores of terms in a paper, we offer a quantitative measure
of the extent to which it ranges from basic to applied research (Fig, 2b).
Papers on the basic side of the distribution curve are ones like those in
Physical Review B discussing exciton scattering. On the applied research
end, there are papers on immunosensors using carbon nanotubes.

We find a pattern that physics journals tend to have lower Topic-
Aware Level Score, general and chemistry-focused journals are nestled
in the middle, and journals dedicated to biosensors mark higher scores
(Fig. 3). We see a clear flow from low to high with the order of physics-
focused, chemistry-focused, and biosensor-focused (see also Supple-
mentary Fig. S1). This suggests that the Topic-Aware Level Score seems
to accurately reflect the advance from basic research in physics to
applied research in biotechnology. In the world of carbon nanotubes, it
might just be a solid tool for tracking the advance of research from
theory to application.

To further confirm the consistency of Topic-Aware Level Score, we
compare them with assessments performed by two experts in the
nanocarbon field. The qualitative classification varied between the two
experts. Expert A categorized 10 papers of the highest number as “basic”
(Fig. 4a). In contrast, Expert B classified 17 papers as somewhat applied
(Fig. 4b). These reflect the variation in criteria for qualitatively assessing
the distinction between basic and applied research. There is a positive
correlation between the Topic-Aware Level Score and the five research
levels. The correlation coefficients, higher for Expert A of 0.73 than for
Expert B of 0.37, indicate that Expert A’s judgment criteria are closer to
our Topic-Aware Level Score. Our framework is well aligned with the
qualitative assessment by expert interview.

To characterize the trend of the nanotube innovation, we compared
publication count and Topic-Aware Level Score across countries. The
volume of publications has risen exponentially, aligning with general
academic trends, particularly in the nanocarbon field (Fig. 5a). Fig. 5b
illustrates a shift from “basic” to “applied” research across all countries.
Japan and the U.S. have consistently shown lower Topic-Aware Level
Score than the global average, with publication peaks around 2010
followed by declines, suggesting a strong foundation in basic research
from earlier decades. Conversely, China, initially trailing, surged in
publication count in the 2000s, reflecting a shift towards applied
research. South Korea and India align with the global average trend;
however, India’s publications are increasing, unlike Korea’s. This
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Fig. 2. (a) The distribution of Topic-Aware Level Score for each term is displayed. Lower values are assigned to words leaning towards basic research, while higher
values go to those favoring applied research. (b) The distribution of Topic-Aware Level Score for research papers is obtained by averaging the scores of terms

contained in a paper.
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Fig. 4. Expert assessment based on title, keywords, and publisher of each paper
randomly selected from nanocarbon paper datasets. The vertical axis shows
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average values of Topic-Aware Level Score for each category are shown and
each dot represents paper. We assign scores of —0.5, —0.25, 0.0, 0.25, 0.5 to the
five levels, correlation coefficients with the horizontal axis are 0.73 and 0.37 for
the expert A and B, respectively which suggests Topic-Aware Level Score is
consistent with the qualitative estimation by experts.

pattern fits a transition from foundational research in the U.S. and Japan
to applied research in China, verified by the expert hearing.
China exhibits a unique trend, with a significant boost in both

publication numbers and Topic-Aware Level Score since the 2000s,
positioning it at the top globally. This trend is also maintained in other
materials science fields. For photocatalysts and batteries, China’s Topic-
Aware Level Score remains higher than other countries (Fig. 5¢—f). The
number of publications reached top level in the past 20 years since 2000
(Fig. 5c-e). Both photocatalysts and batteries are fields where
commercialization is expected, and applied research is becoming active
in China (Islam and Miyazaki, 2010; Ibhadon and Fitzpatrick, 2013). We
have succeeded in quantitatively understanding the macro trends widely
recognized in materials science and engineering, which indicates that
Topic-Aware Level Score is a valid framework for capturing macro
innovation trends.

The year 2010 may have been a turning point in nanotube research.
That year, China became the leader in the number of papers. At the same
time, the U.S. and Japan, which had been in the first and second places,
peaked and have been decreasing since then (Fig. 5a). As for Topic-
Aware Level Score, China is increasing at a greater rate than the U.S.
and Japan (Fig. 5b). This reflects that China has newly entered applied
research, while the U.S. and Japan have remained in basic research.
What are the factors behind this difference? For one thing, the research
environment in China, which has been successful in applied research,
would be different from that of the U.S. and Japan. Rather than the
generally stated differentiating factors, such as China’s dramatic eco-
nomic growth and the government’s large-scale investment, here we
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analyze this difference from a data-centric perspective focused on the
authors.

To understand the characteristics of scientists engaged in applied
research, we examined the trend of the proportion of applied scientists
belonging to organizations in their own country. Applied scientists are
authors of papers published since 2010 whose Topic-Aware Level Score
is in the top 10%. While Chinese scientists are increasingly affiliated
with domestic organizations, scientists in Japan and the U.S. are on a
downward trend, becoming affiliated with organizations abroad (Fig. 6).
As shown by the solid blue line, Chinese applied scientists of around
10,000 belong to domestic organizations at a rate of more than 90%,
which is higher than other scientists shown by the dotted line. Applied
scientists in the U.S. and Japan are much fewer than those in China and
have a lower proportion of affiliation with domestic organizations than
general researchers. The peculiarity of Chinese applied researchers may
be one of the factors explaining the advancement of applied research in
China.

For comparison with another group, we performed a similar analysis
targeting impactful scientists who have written papers with top-10%
citation counts. Chinese impactful scientists have a roughly 10-point
lower proportion of home-country affiliation than applied scientists,
which indicates they are not as localized only in China as applied sci-
entists are (Supplementary Fig. S2).

5. Discussion

The primary results of the analyses for the three research questions
were summarized in Table 2, highlighting the contributions they make
to existing knowledge.

Firstly, by using the quantification indicator Topic-Aware Level
Score (TALS) to identify basic and applied research, the results could be
interpreted using the theoretical framework, Pasteur’s Quadrant
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Fig. 6. Trends in the percentage of scientists affiliated with organizations in
their home countries for the nanocarbon datasets. The trends are compared
between applied scientists. The year of publication is set to 2010 or later
because we want to focus on applied research that has characterized China
since 2010. We calculated the percentage of authors affiliated or not affiliated
with their home organization in the year they published their paper and plotted
it as a 5-year moving average. Comparing China, the U.S., and Japan by na-
tionality, China shows a different trend than the other two countries. The
dotted lines are other groups of scientists randomly selected for comparison.
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Table 2
Contribution of the main results.

Research question Theoretical Result and its value
framework
How can basic and applied Pasteur’s The identification results using
research be accurately Quadrant the quantification indicator

quantified? Topic-Aware Level Score
(TALS), calculated based on
large-scale data, can be
interpreted through the
theoretical framework. This
contributes to the discussion on

basic and applied research.

How does the research focus of ~ Linear Model
a country shift from basic to

applied research over time?

This study validates the
advance from basic to applied
research over 50 years using
quantitative metrics,
confirming global trends
following the Linear Model.

How does scientific N/A
collaboration change during
the transition from basic to
applied science?

This study has enhanced
understanding of international
collaboration patterns by using
quantitative metrics to analyze
the shift from basic to applied
research, demonstrating that
local talents primarily fuel
China’s applied research sector.

(Table 1). Papers with low TALS, predominantly from physics journals
(Fig. 3), are generally categorized as 1) Pure basic research. For
instance, elucidating the energy band structure of a newly discovered
material would fall under this category. Papers near a TALS of zero likely
appear to 3) Use-inspired basic research because the primary focus is on
chemistry journals, aiming to understand the fundamental phenomena
of nanotube chemical reactions while also considering their potential
applications. Indeed, many recent studies likely fall into category 3)
regardless of whether they are oriented toward physics, chemistry, or
medicine, as most research projects are designed with potential future
applications. Papers with high TALS, which often relate to biosensors,
consider practical applications and do not aim for fundamental under-
standing, thus falling into 2) Pure applied research. Some of these
application-oriented papers, about the creation and validation of
nanodevices, also contribute to fundamental understanding placing
them partly in category 3). This alignment of our scoring with Pasteur’s
theory validates our methodological contribution, which previous
studies had not assessed.

Secondly, the transition of TALS over 50 years by country generally
shows a shift from basic to applied research (Fig. 5b—d,f), quantitatively
capturing the advance based on the Linear Model (Balconi et al., 2010;
Bush, 2020). A common pattern in material science is that both the
number of papers and the TALS are highest in China, indicating China’s
excellent momentum and advance in this field. Adams (2012) predicted
in 2012 an increasing global trend in international co-authorships, and
by 2020, anticipated a shift in the epicenter of science from the West to
other regions, including China and India, which have indeed become
increasingly influential. The shifts in country focus and the progression
from basic to applied research provide an overview of field develop-
ment. This perspective has become a valuable tool in funding, offering
new criteria for decision-making and understanding one aspect of out-
comes that was previously unavailable. For instance, Japan’s decline in
the number of papers on nanocarbon may be due to its inability to
persistently invest in basic research (Fig. 5a). This study not only aligns
with these meta-trends through publication counts but also through
metrics that gauge the shift from basic to applied research, underscoring
the substantial contributions of this research in reflecting global scien-
tific dynamics.
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Thirdly, this study successfully demonstrated patterns of interna-
tional collaboration, which are influenced by social and geopolitical
factors (Luukkonen et al., 1992). The proportion of Japanese and
American researchers affiliated with domestic organizations is
decreasing, indicating an increase in their involvement with foreign
entities (Fig. 6). Conversely, in China, there is a growing trend of sci-
entists affiliating more with domestic institutions. Researchers in Japan
and the U.S. tend to engage more in basic research with lower TALS,
while Chinese scientists are more involved in applied research (Fig. 5).
This suggests that international collaboration is more prevalent in basic
research, whereas applied research tends to have less, which aligns with
the previous findings (Coccia and Wang, 2016).

Further, it turns out that the rise in applied research was not pri-
marily due to returning scientists but rather supported by researchers
who were already based domestically, although China’s “Sea Turtle”
policy aimed to attract researchers back home to boost its scientific
output (Jonkers and Tijssen, 2008). This agrees with the opinion of
experts who are at the center of nanocarbon research. Though it’s widely
recognized that China is expanding its influence in global science, when
it comes to applied research, the scientists driving its growth are pre-
dominantly based within the country. The concentration might be a
result of many non-academic entities like companies that have been
growing by taking advantage of nanotechnology flourishment in China
(Xin and Yidong, 2006; Zhou and Leydesdorff, 2006; Kostoff, 2012;
Dong et al., 2016). By utilizing quantitative metrics for basic to applied
research, this study has achieved a more nuanced understanding of these
international collaboration patterns, revealing how local talents pre-
dominantly drive the applied research sector in China.

As a methodological implication, we successfully developed a novel
framework to be applicable to any field other than biomedical. Tradi-
tional methods for scoring the progression of academic research from
basic to applied stages relied on pre-defined and categorized terminol-
ogy datasets linked to the target papers, resulting in restrictions on the
use of biomedical fields only (Ke, 2019). We removed the constraint by
employing topic models to automatically extract categorized terms from
the large-scale paper dataset. Applying our framework to nanocarbon
material papers, the calculated score aligned well with journal infor-
mation, expert insights, and meta-trends (Figs. 3-5). Therefore, we
expect that the method could generally measure the scientific advance
from basic to applied research. By embedding the automatically
extracted terms into a vector space, theoretically, we can spatially
represent the meaning that the terms hold. The expression of a gradient
from basic to applied research in latent space can enable us to obtain the
capability to evaluate and visualize the potential of numerous domains.

Our methodological framework provides an objective way to assess
how close the research is to practical application for decision-makers in
funding agencies like government officials and corporate executives
who allocate budgets for science and technology. The advantages of our
framework are objectivity and comprehensiveness. For objectivity,
conducting expert interviews across all the disciplines to be invested is
not cost-effective. The methodology proposed here can act as a substi-
tute for expert interviews when gauging the maturity level of applied
research in various fields. These indicators capture comprehensive
trends. While conventional metrics like publication count and citation
numbers can highlight the level of attention a field is receiving, they do
not indicate how close it is to application. By visualizing the trends in
our metric, one can gain a more nuanced understanding of these tra-
jectories. It is expected that this data-driven metric can provide an
antenna-like function. The approach contributes to data utilization in
funding (Lane and Bertuzzi, 2011), which will become increasingly
important during transition periods of STI policy (OECD, 2023).

This method has several limitations. The definitions of basic and
applied research can vary depending on the individual, era, and field.
Despite simplifying human annotation, when creating a dictionary using
topic modeling, there might be reliance on such subjectivity. A possible
solution could be integrating patent citation information to hold
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objectivity. This should be considered in future work.

Fields such as advanced materials, biotechnology, and electronic
devices, which require extensive basic research to ensure the repro-
ducibility of scientific results, are well-suited to capture the flow from
basic to applied research using our framework. On the other hand, in
some fields, only basic or applied research may be conducted without
any connection between the two. For example, artificial intelligence is a
field that exemplifies this. Since deep learning has emerged, it has had a
tremendous impact on society. However, the underlying principles,
including the mathematically rigorous theory behind its high perfor-
mance, are not yet fully understood. Applied research has advanced
significantly, but basic research that seeks fundamental understandings
of why this is possible still awaits further progress. In such fields, it may
not be suitable to apply our framework to capture advances from basic to
applied research.

Other fields might exhibit a flow from applied back to basic research
(McKelvey, 1985). However, the flexibility of this method enables
extracting paper data that spans from applied to basic research. By la-
beling each topic, we might define an axis from applied to basic in the
semantic space, resulting in quantitative understanding. For example, it
may visualize a flow that the improvement of scanning electron mi-
croscopes leads to atomic-level material surface science.

For scalability, our approach opens the door for meta-level insights
into the dynamics of science. By using Topic-Aware Level Score to
categorize researchers and their papers into either basic research or
applied research, we can offer novel perspectives that may not only
inform investment decisions but also contribute to emerging academic
areas like Science of Science. The novel perspective, Topic-Aware Level
Score may give us further opportunities to understand societal structures
in academia. It could be worth considering blending with recently
developed indicators like novelty and disruptive index (Liu et al., 2023).
Regarding the uniqueness of the research environment in China, a
thorough investigation into the movement of scientists and the
appearance of co-authorship networks would provide a better
understanding.
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