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Abstract: The number of international collaborations in research and development (R&D) has been
increasing in the energy sector to solve global environmental problems—such as climate change
and the energy crisis—and to reduce the time, cost, and risk of failure. Successful international
project planning requires the analysis of research fields and the technology expertise of cooperative
partner institutions or countries, but this takes time and resources. In this study, we developed a
method to analyze the information on research organizations and topics, taking advantage of data
analysis as well as deep learning natural language processing (NLP) models. A method to evaluate
the relative superiority of efficient international collaboration was suggested, assuming international
collaboration of the National Renewable Energy Laboratory (NREL) and the Korea Institute of Energy
Research (KIER). Additionally, a workflow of an automated executive summary and a translation
of tens of web-posted articles is also suggested for a quick glance. The valuation of the suggested
methodology is estimated as much as the annual salary of an experienced employee.

Keywords: open API; international cooperation; data analysis; R&D planning; text mining

1. Introduction

An international collaboration between institutions for research and development
(R&D) is becoming essential. According to the National Scientific Board, the percentage of
worldwide science and engineering articles produced with international collaboration rose
from 17% to 23% between 2008 and 2018 [1]. Although most of the global co-authorship
is placed by low-income countries (86% in 2014), the European Union, one of the most
developed societies, also marks 46% in 2014, where the greatest leap took place in the
Arabian States, from 44% (2005) to 77% (2014) [2]. Despite the active global collaboration,
it is challenging for an institution to find a proper research partner due to the increasing
complexity, convergence, and multi- and interdisciplinarity [3–5].

International collaboration is becoming increasingly important in the energy sector be-
cause many problems cannot be solved by a single country or company alone. For example,
the global climate crisis, greenhouse gas reduction, energy transition, and the realization of
a hydrogen economy are topics where international collaboration is needed [6–8]. There
are several key objectives of international cooperation. The first is achieving common
goals, such as overcoming the climate crisis or reducing greenhouse gas emissions. These
include economic factors that could reduce the costs and risks of technology development
and market entry, achieve economies of scale in production, and reduce the time required
for new product development and commercialization. Because of these benefits, many
countries are aggressively promoting international cooperation as a major national R&D
strategy, and Korean national research institutes and companies are managing various
international cooperation projects [9,10].
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In order to plan a successful international cooperation project, a systematic analy-
sis of the detailed research areas, technological expertise, and joint research demands of
partner countries or institutions is required. When a mutual understanding between the
international cooperation partners is achieved, joint projects that benefit each party can be
implemented [11]. Various studies have been conducted on international project-planning
strategies. Jung et al. compared the technology and productivity of research institutes and
companies by using patent indicators to select promising international cooperation part-
ners in the hydrogen energy field [12]. Lee and Chung compared the technology expertise
of the two countries using expert survey data to reveal cooperative technologies in the
Korean and Indian defense sectors [13]. Chang and Yun took advantage of bibliometric
information to select targets for international cooperation in the field of energy fusion
from a comprehensive point of view [14]. The current status of international collaboration
countries was analyzed using details of the paper’s co-authors, and a list of promising co-
operative countries was derived from several publications and citations. National research
institutes of Korea have continuously conducted international joint projects; however,
the performance is often unsatisfactory. The main reason is suspected to be inadequate
information on the collaborating partners because, still, most of the decision relies on the
individual researchers’ human network in the same sectors in which the global view is
absent. In order to overcome the limit, it is necessary to establish R&D strategies based
on the sufficient analysis of the records, including research topics, technology expertise,
and capabilities—including the human resources and facilities. Providing an executive
summary of recent research has been conducted; however, it is challenging for human
resources to collect and analyze enormous volumes of data such as academic publications
and reports from partner institutions [15,16]. Moreover, proficiency in technical terminol-
ogy, as well as unfamiliar fields, is another barrier regarding the department taking charge
of international collaboration, which is an administrative organization that has to follow
the advances of almost all sectors of the institute [17,18]. Although some studies utilized
literature analysis for international collaboration partner targeting, studies on individual
works of literature were overlooked.

In this study, we suggest a decision support method based on a mass literature
analysis for international collaboration with an example of the National Renewable Energy
Research (NREL). Data analysis on more than 13,000 academic publications for the last
10 years and 50 articles posted on its website was conducted not only from the perspective
view, such as institutional and international collaboration trends, but also in detail, such
as research topic classifications for each literature compared with the ones from the Korea
Institute of Energy Research (KIER). Additionally, an automatic report generation, including
the translated summary of the articles, is provided.

Many deep learning-based literature summaries and translations have been published,
but their seamless application on research comparison as well as analysis [19–22]. It
should be noted that our approach can be applied to any institution producing academic
papers and websites for public use. Machine translation is also able to be applied to most
languages because the deep learning translation models these days support multi-language
translation and are being developed for the analysis of non-native English-speaking foreign
institutes [23].

2. Materials and Methods
2.1. Literature Data Acquisition and Analysis

NREL’s recent research archives were collected from two sources. One is Scopus,
an abstract and citation database of scientific literature [24]. Publications from the NREL
and KIER were acquired using Scopus API with the query “AF-ID (“National Renew-
able Energy Laboratory” 60030451)” and “AF-ID (“National Renewable Energy Labora-
tory” 60087822)”, and the time span of the publication was limited to the last decade
(2013–2022). Finally, 9219 works of literature were obtained for NREL and 3667 for KIER.
The other is the official website of NREL. While the literature retrieved from Scopus contains
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academic achievements, the visions, social activities, as well as attempts at industrial appli-
cations were found in web-posted articles. Fifty-four articles posted on August 2022 were
categorized into nine groups by the main subject—the main page, hydrogen, photovoltaics,
energy storage, decarbonization in transporting systems, building energy, materials, wind
energy, and grid technology [25]. The list of the web articles to be reviewed is summarized
in the form of a Microsoft Excel file.

The Python programming language, with a number of libraries, took advantage of
the retrieval and analysis of the text data. Scopus data was retrieved using pybliomet-
rics [26], preprocessed and analyzed with pandas [27], and visualized with matplotlib and
seaborn [28,29]. Conventional data analysis, such as grouping and trend analysis, have been
performed with the python packages.

Network analysis was applied to examine the collaboration between institutes and
countries using the VOSviewer, not only as a visualizer but also for relational analysis, such
as co-authorship and citation analysis [30]. The results were exported and revisited for
quantitative review for further analysis.

2.2. Topic Modeling by Latent Dirichlet Allocation (LDA)

Research topics of each literature were determined by Latent Dirichlet Allocation
(LDA), one of the most common tasks for extracting latent topics from text
documents [31,32]. A graphical model of LDA is shown in Figure 1, where M denotes the
number of documents, Nm is the number of words in a given document of which id is m,
→
θm is the expected topic proportion of document m, generated by a Dirichlet distribution
parameter

→
α .

→
ϕk is the word distribution of topic k, which is generated by a Dirichlet

parameter
→
β . zm,n and wm,n are the topic for nth word and the word in nth position in

document m, respectively [33]. In this study, LDA was used as a form of implementation in
the gensim package [34].
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Figure 1. Graphical model of Latent Dirichlet Allocation (LDA).

2.3. Keywords Extraction, Executive Summary, and Translation

A couple of transformer deep learning models were applied for keyword extraction
from the abstract. TextRank, suggested by Mihalcea et al., is a graph-based word ranking
algorithm motivated by PageRank on websites by Brin and Page, in which a weight of
a website is determined by relative importance that “more important” website has more
links from others [35,36]. Likewise, in TextRank, a word is determined by weights of words
calculated in the same manner,

WS(Vi) = (1− d)d ∗∑Vj∈In(Vi)

wji

∑Vk∈Out(Vj)
wjk

WS
(
Vj
)
, (1)

where WS(Vi) is a TextRank for word Vi, and wij is a weight. d, a damping factor repre-
senting the probability of jumping from a given word to another one in the graph, was
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set to 0.85. TextRank is implemented and released as a form of pyTextRank, an extension
of Python’s spaCy pipeline for natural language processing (NLP) [37,38]. Due to the
discrepancies in keywords extraction by methodologies, we have applied KeyBert as a
complementary [39]. The main algorithm of KeyBERT is based on BERT, an abbreviation of
Bidirectional Encoder Representations from Transformers, regarding context, which is often
ignored by statistics-based language models, and therefore more meaningful keywords
would be acquired [40]. Lemmatization of the keywords was performed using spaCy, and
unification of the synonyms as standard terms was implemented, taking advantage of
Wikipedia’s redirection process [38,41–43].

In this study, abstract summary and sequential translation are one of the most crucial
parts. TLDR, a transformer-based executive summary model, was chosen as a summa-
rization model due to its specification on the SciTLDR dataset, with 5400 summaries on
over 3200 scientific papers [22]. Translation of the summary was dependent on Google
Translate, which served as an Application Programming Interface (API) service through
RapidAPI [44].

Finally, the analysis results were summarized in the form of a Microsoft Word doc-
ument, in which word clouds—comprising the keywords extracted from the website
articles—were included [45,46].

The analysis flowchart used in this study is shown in Figure 2, performed on Jupyter
Lab, an integrated development environment for Python [47]. Contrary to academic
literature data, web-posted articles are studied in detail. The paragraphs are summarized
and translated to improve delivery, and the words are counted, transformed, and redirected
to find reliable messages, and finally visualized as a word cloud to note the beginning of a
chapter in a generated report. Most of the processes are automatic, except for data analysis
and error handling processes, including redirection.
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3. Results
3.1. Overview: International Collaboration Status of an Institution

Academic publications of the NREL are classified by contributing affiliations and
countries, and domestic (inside the United States) publications are subdivided into (1) stand-
alone research performed by the NREL and the United States Department of Energy (DOE)
and (2) collaborations between the laboratories governed or established by the DOE [48],
(3) including other institutes outside of the DOE (for example, the Illinois Institute of
Technology or University of Georgia) [49,50]. The number and proportion of publications
during a given period are shown in Figure 3. The number of publications gradually
increases, with the proportion in each category being practically constant. It should be
noted that the articles for the year 2022 are still in progress. The only remarkable change
as a function of time was the proportion of publications among DOE laboratories. The
average for the first three years was 2.0% (region 1©); however, for the last three years, this
value doubled to 4.4% (region 2©). Approximately 29% of the studies were conducted in
collaboration with foreign institutions.
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Figure 3. Types of NREL collaborative research (2013~2022). The same data is displayed from two
points of view: (a) number and (b) proportion of publications. “US Institutes” includes publications
of the NREL alone or the NREL and DOE together (co-authorship with other laboratories of the DOE),
and with other institutions excluding the DOE laboratories but within the United States.

Figure 4 shows the NREL’s international collaboration network. Eighty countries,
including the United States, are clustered into twenty-two groups by frequency of co-
authorship, denoted by color. The size of the bubbles and the width of the connecting lines
represent the number of publications by country and co-authorship, respectively. Apart
from the United States, China, Germany, and the United Kingdom are the countries with
the strongest total collaborative links, a summation of other countries being weighted by
co-authored publications.

The number of collaborative publications in the top 12 countries is shown in Figure 5.
Germany, Denmark, and Australia follow the NREL’s total publications trend shown in
Figure 3a, where the United Kingdom is rapidly rising as a close partner. This is more clearly
illustrated by a direct comparison of the number of co-authored publications between 2013
and 2022 (Figure 6). In most countries, the number of collaborative publications with other
countries also increases as the total number of publications increases. There are a few
countries with decreasing collaborations, namely South Korea.
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Figure 6. Change in the number of co-authored publications by country between 2013 and 2022.
Not all country names are displayed to avoid overlapping, particularly in 2022. Inset donut charts
represent the proportions of publications by international collaboration. The number of co-authored
countries is, attached next to the corresponding wedges; some annotations are omitted for better
visualization of the maximum number.

The country names In 2013 and overlapped ones in 2022 are omitted except for the
topmost three countries in 2013 and 2022. As reported in other research on international
collaboration, the number of countries participating in a publication is increasing [4],
despite the constant proportion of international collaborations of the NREL (Figure 3b).
In 2013, approximately 74% of the research was conducted by two countries, between the
United States and another, but in 2022 this proportion dropped to 66%, whereas the number
of publications by equal or smaller than five countries decreased from 97.3% to 90.7%.
Additionally, it was recorded that 20 countries participated in a worldwide photovoltaic
efficiency study in 2022, a phenomenon that can be inferred to be a form of strengthening
international collaboration [51].

3.2. Research Topics: Collaboration Subject Candidates
Topic Modeling

In order to figure out research trends by topic as well as the strengths of each institution,
LDA was applied to the two institutions’ 12,548 abstracts of the last decade. By dropping
the articles of which the abstract was absent, the number of articles published by the
NREL and KIER slightly dropped to 8922 and 3626, respectively. The number of topics
was determined as 9, which almost maximizes the coherence score (Cv) as 0.54, where
the values above 0.5 are fairly good [52]. The maximum Cv, 0.55 was found at 29 topics
(Figure 7), but we judged that the cost of analyzing 19 more categories exceeds the benefits.

The first five keywords contributing to the topic definition are summarized in Table 1
with the corresponding top three references with the largest sum of keyword weights
on this topic. For example, the first category consisted of the keywords “cell”, “solar”,
“device”, “film”, “efficiency”, and others. Reviewing the articles belonging to the articles of
the first topic group [53–55], the name of the topic was chosen as “solar cell”, and all other
topic names were determined in the same manner.
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Table 1. The main topic and top 5 keywords for each topic category.

Topic No. Topic Name Keywords (Top 5) Reference (Top 3)

1 solar cell cell, solar, device, film, efficiency [53–55]

2 catalysts and electrodes catalyst, surface, membrane, electrode, reaction [56–58]

3 bioproduction lignin, biomass, production, enzyme, cellulose [59–61]

4 energy systems energy, system, power, cost, model [62–64]

5 materials science material, module, structure, property, energy [65–67]

6 biomass fuel fuel, gas, process, catalyst, temperature [68–70]

7 heat system heat, thermal, system, power, temperature [71–73]

8 wind turbine model, wind, turbine, datum, method [74–76]

9 photophysics carrier, si, electron, surface, film [77–79]

The topics were visualized on a principal component analysis (PCA) space Figure 8,
which consisted of the first and second principal components (PC1 and PC2, respectively)
with assistance from the python visualization package for LDA, pyLDAvis [80]. The size
of the circles denotes the probability of documents. In the PCA space, it is expected
that the topics located nearby are physically close. Nine categories might be regarded as
four clusters as a function of the azimuthal locations on the PCA space. The right half
(positive PC1) is almost of systems—heat system, energy system, and wind turbine. The
topmost group is biomass—biomass fuel and bioproduction, whereas the bottommost one
is photoelectric physics, materials, and application (solar cell). Another circle close to the
electrochemical reaction (catalyst and electrode) is isolated.

The smallest category is photophysics (6.49%), whereas the largest is energy systems
(19.66%) of entire works of literature. If we can find differences between the NREL and the
KIER in each category, it would be beneficial for the international collaboration strategy
decision. In addition, if we can trace the number of publications as a function of time, it
would also be helpful to figure out if a category has been popular in the past but decaying
or emerging recently. Since works of literature are decomposed as a sum of keywords
through LDA, the number of papers should be expressed as a sum of weights. Analysis of
these viewpoints is visualized in Figure 9. Horizontal and vertical axes denote time and
category, respectively. The sum of weights is represented as a colormap—the lighter, the
more. Due to the fact that the total number of publications of the NREL is about 2.5 times
larger than the KIER, the left panel (NREL) is lighter than the right one in general.
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Interestingly in some topics—catalyst and electrode, and biomass fuel—the KIER
has a larger sum of weights than the NREL. In addition, the difference between the two
institutions in the heat system is not as much as the global publication amount. It can be
hypothesized that the KIER or the Korean government has focused on a few topics to be
more competitive. On the other hand, the sum of weights in the NREL is quite diverse.
Energy systems and wind turbines occupy the largest portion, particularly the growth of
energy systems in the recent few years is outstanding.
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The difference between the two institutions provides a clear guideline for
international collaboration.

3.3. Web Articles: Information a Step Forward towards Public and Industry
3.3.1. Summarization and Translation

Contrary to the academic literature analyzed from a global view, web articles are
processed individually for efficient filtering. The one who is in charge of international
collaboration is supposed to read all web-posted articles because the articles are likely to
be friendlier than academic papers for non-researchers; however, the problem is that the
total amount could be too much for manual processing. Consequently, our strategy for
web articles was summary and translation, as shown on the left branch of Figure 2b. An
example of the process is represented in Figure 10. The article was about a heavy-duty
hydrogen truck that consisted of 876 words [81]. TLDR summarizes it into 69 words in
which the main message and important details, i.e., keywords and abbreviations, are kept
and finally translated to Korean. The translation not only substituted English sentences
with Korean but also maintained the most important words using parenthesis, for example,
“국립재생에너지연구소 (National Renewable Energy Laboratory)” and “ 연료전지전
기자동차 (FCEV)”.
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Figure 10. An example of the text translation process followed by an executive summary. The
paragraph of the last step is the translation from English to Korean version.

3.3.2. Keyword Extraction

The other way, other than summarization and translation in Figure 2b, is for keyword
extraction. The process with the same example is shown in Figure 11. The two keyword
extraction algorithms, TextRank and KeyBERT, extract different keywords from an inde-
pendent aspect. Both results are passed through lemmatization and redirection processes
using spaCy and Wikipedia and finally merged. It is worthwhile to take a look before and
after Wikipedia redirection. This process is for the treatment of synonyms utilizing the
dictionary of Wikipedia; therefore, the keyword “clean hydrogen” is replaced with “green
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hydrogen”. The inputs and outputs of redirection are added to the dictionary to be saved
in local storage to reduce redundant requests from the Wikipedia website [42]. Finally, the
keywords are merged and placed beside the summary and translation, as well as converted
to a word cloud for report decoration and insights delivery [46]. The abundant keywords
extracted by pyTextRank can be cleaned up using a similarity measurement such as cosine
similarity [82]; however, they can be used as raw materials for knowledge databases in
the future. Nevertheless, with the possible usefulness, it is probable for readers to feel
redundancy. In further studies on and using the described methodology, the number of
similar words is going to be controlled by readers’ feedback.
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3.3.3. Report Generation

Features of the articles, title, URL, publication date, image, etc., crawled from web
pages are sequentially composed with our NLP results—executive summary, translation,
keywords, and word cloud—as a form of the Microsoft Word document utilizing the
Python-docx package [45]. The composition of a page is carefully designed for readability.
The hyperlink is assigned to the URL to allow interactivity, and the word cloud is placed
between sessions to notice the beginning of a new topic. The word clouds are decorations
rather than functional objects as shown in Figure 12. In order to maintain the reader’s con-
centration, aesthetic stimulation is important for refreshment [83]. Therefore, we inserted a
few word clouds as well as representative images from each of the web articles.
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Figure 12. Screenshot of the report generated using the processes discussed in this paper. Hyperlinks
are applied to the URLs of the articles for readers to access the original article. The Korean parts
marked with bullets stands for summary, for example, “요약 (국문)” stands for “summary (in
Korean)” where “” for “summary (in English)”.

Finally, literature data analysis on 12,886 academic publications and 54 web-posted
articles were summarized as a 57-page report written in the native language of the readers,
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containing an overview of the target institution’s international collaborations over a 10-year
period and recent activities as well as a comparison with the author’s institute.

4. Discussion

Throughout the process proposed in this study, it is evident that the efficiency of
information acquisition is dramatically enhanced. Readers can capture a sector trend by
academic literature analysis of thousands of publications and then determine the current
activities by reading the abridged versions of web-based articles. In spite of crude word-
forward translation due to the imperfect machine translation lacking knowledge of a specific
research field, paragraphs written in the reader’s native language improve understanding
efficiency enormously.

Furthermore, taking advantage of machine translation opens another possibility—that
is, the retrieval and generation of reports in any language. These days, many deep learning-
based models support multilingual processes [23,40,84,85]. By simply changing the input
and output language options, it is possible to obtain information from and to any language
our model supports (e.g., Russian, Persian, Chinese, etc.).

Applying the research topic analysis process proposed in this study in planning a
joint international project can effectively find joint research areas that are mutually under-
standable and beneficial to each other. In this study, assuming international collaboration
between the NREL in the United States and the KIER, the field of superior comparative
research for efficient international collaboration was evaluated. The total number of pub-
lications of the NREL is about 2.5 times larger than that of the KIER, so it is generally
supposed that the NREL is more capable, as revealed in the fields of energy systems and
wind turbines. However, the KIER has some superior topics, such as catalysts and elec-
trodes, biomass fuel, and heat systems, so mutual benefit could be achieved by including
the topics in the proposal. It is obvious that a sufficient understanding of each institution’s
relative advantages would reduce the risk of failure.

5. Conclusions

As a result of the analysis of academic literature and web-based articles, detailed
research areas of two institutions—for instance, KIER and NREL—were identified. To
understand the research areas that can be expected to be synergistic when conducting
international joint research, the papers published by two institutions over the past 10 years
were analyzed. Topic modeling inferred areas where the two institutions have focused
their research capabilities over the past decade. As a result, catalysts and electrodes,
biomass fuel, energy systems, and wind turbines are chosen as promising candidates for
international collaboration. However, since this expectation is only from the quantitative
study, an in-depth discussion with the specialists in those fields would be essential for
successful international collaboration planning. Furthermore, utilizing recently developed
deep learning NLP techniques, a workflow for summarizing a large number of web articles
into a set of short reports was achieved in only a few minutes.

It should be stated that although we have presented the methodology, there is room
for improvement in performance. This is because the purpose of this study is to secure
feasibility, so the comparative analysis of various topic extraction algorithms or document
summary algorithms was omitted.

Nevertheless, the valuation of this work can be calculated by converting the salary
of employees dedicated to survey and report generation of foreign institutions for in-
ternational collaboration. Assuming that it takes 10 min and 1 h to read an abstract
and a web article, respectively, 12,548 papers and 54 web articles correspond to 2145 h
(268 days assuming 8 h/day) of work, which exceeds the number of working days in a year.
In conclusion, our work is worthwhile to be an annual salary of an experienced worker.
The model developed in this study should be used in the international R&D planning
process to analyze the technology expertise and research domain of partner institutions;
the performance of international cooperation could be greatly improved.
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6. Patents

The data processing and report generation process described in this article is a patent
pending in Korea (application number: 10-2022-0080454).
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