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Abstract: As a core component of clean energy technology, proton exchange membrane fuel cells
(PEMFC) play a crucial role in promoting the evolution of energy structures and realizing sustainable
development, representing an environmentally friendly energy conversion strategy. This paper
identifies the key core technology themes in the field of the proton exchange membrane fuel cells
by constructing patent and paper datasets in the field, applying the BERTopic model for theme
identification, and calculating the key core technology scores of each theme using the importance,
innovativeness, and high competitiveness barriers to identify the key core technology themes in the
field, so as to provide guidance and references for the relevant research and practice. The results of
the study show that patent documents and academic papers show obvious differentiation in technical
themes: the key core technologies identified in patent texts include ‘battery separator materials’,
‘rubber sealing materials’, and ‘porous carbon fibre materials’. The key core technologies identified in
the academic paper of the thesis include ‘palladium-based electrocatalys’, ‘graphene oxide composite
film’, and ‘platinum-graphene oxide catalyst’.

Keywords: key core technology; the proton exchange membrane fuel cell; index system

1. Introduction

The proton exchange membrane fuel cell (PEMFC) is currently one of the most main-
stream fuel cell types in China, featuring high efficiency, fast startup, low temperature opera-
tion, and higher power density [1], and it has a wide range of potential in many applications.

From the perspective of identification methods, the key core technology identification
methods can be roughly divided into five kinds of methods, method namely based on com-
plex networks, methods based on indicators, methods based on machine learning, methods
based on expert wisdom, and methods based on composite classes [2]. Complex network-
based methods mainly refer to the use of text to establish a complex knowledge network
by analyzing various attributes and contents in the network to identify technologies in
the field [3,4], and the current commonly used methods include citation network analy-
sis [5], network structure feature analysis [6], network main path analysis [7], and K-kernel
analysis. Indicator-based methods are mainly used to identify technologies in the field by
selecting external features of documents that can represent technological development as
the external features of the literature, and determine the technology to be identified through
the calculation and comparison of the indicators [8–10]. The method based on machine
learning refers to the use of various types of machine learning methods to extract and train
the features of data and then complete the technology identification [11,12]. The method
based on the wisdom of experts refers to the method of filtering out specific technologies
based on the empirical knowledge of domain experts through the sorting to screen out
specific technologies, including the Delphi method and hierarchical analysis method [13],
in order to better solve complex decision-making problems. Combining the Delphi method
with the hierarchical analysis method [13] and adopting the fuzzy hierarchical analysis
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method [14] have also been increasingly applied in the field of key core technology iden-
tification [15,16]. A composite class of methods refers to the combination of different
identification methods to mitigate the defects of single identification methods, such as
combining LDA models with other methods [17] or combining complex network-based
methods with indicator-based methods [18].

After reading, it was found that most existing studies adopt a single perspective,
and few studies synthesize multiple perspectives to identify complex scientific research
topics while taking into account the differences in the theme performance of different
data sources. In addition, most of the existing studies use various literature measurement
indicators and network centrality indicators to identify key core technologies, but there is
no effective measurement of the high competition barriers of technologies, especially the
lack of measurement from the time dimension, and it is rare to comprehensively determine
the weight of indicators after considering the emphasis of different methods on indicator
measurement. Therefore, through the definition and feature discrimination of key core
technologies, this paper extracts the technical characteristics of their importance, innovation,
and high competition barriers, combines patents and papers to design discrimination
indicators and measurement methods, takes into account the variability and correlation of
indicators, and uses a variety of methods to give weight to build a relatively complete key
core technology identification system.

This paper selects patent and paper results in the field of the proton exchange mem-
brane fuel cell since 2001 as the research object and constructs a suitable index system to
identify the key core technologies in this field.

2. Study Design
2.1. Theme Identification

BERTopic is a topic model based on Bert embedding, which makes full use of Bert’s
semantic expression ability and contextual understanding ability to obtain semantically
relevant topics in large-scale text data. BERTopic does not need to pre-determine the number
of topics and is able to discover some niche topics in complex text. The specific process
includes the following: (1) embedding word summaries; (2) reducing dimensionality and
clustering; and (3) creating topic representation based on the C-TF-IDF algorithm, as shown
in Figure 1.
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2.2. Construction of the Indicator System

At present, there are various terminologies and definitions regarding ‘what constitutes
key core technologies’, and the scope of coverage is relatively broad. There is no complete
consensus on the ‘knowledge-intensity’ [19,20], ‘complexity of technology system’ [21] and
‘(quasi) public goods’ [22,23] of the key core technology, but many studies agree that the key
core technology should be ‘in the core position, difficult to replace, play an important role
and indispensable technology’. Therefore, this paper defines key core technology from two
dimensions of the industrial chain and technical attributes as the technology that occupies
an important position in a certain technical field, which is generally innovative has high
competitive barriers, and builds a key core technology indicator identification system based
on this.

2.2.1. Importance

This paper selects the node crossover degree and time-weighted citation frequency to
calculate the importance.

(1) Node Crossover Degree

This paper introduces the node cross degree index (NC) [24] using the node’s in-
degree and out-degree to measure the role of the patent/paper node network status,
reflecting the node’s importance status in the knowledge network, which is calculated by
the following formula:

NCi =
∑n

j=1 (k in(j) + 1)α (k out(j) + 1)1−α − 1

n

where n is the number of patents/papers in subject i, j is the jth patent/paper in sub-
ject i, kin(j) is the incidence of the jth patent/paper, kout(j) is the out-degree of the jth
patent/paper, and α is a quantity constant.

(2) Time-Weighted Citation Frequency

The measurement of topic impact is a key issue in measuring the importance of
topics [25]. Due to the existence of time accumulation in the number of citations, this paper
incorporates the time weight parameter in the measurement of theme influence and sets
the time weight as ti to calculate the time-weighted citation frequency (TWCF), which is
given in the following formula:

TWCFi =
∑n

j=1
(
tj × Cj

)
n

tj =
2s

y × (y + 1)

where n is the number of patents/papers in subject i, j is the jth patent/paper in subject i, Cj
is the citation frequency of the jth patent/paper, tj is the time weight of the jth patent/paper,
s is the quantity constant, and y is the year span of the dataset.

2.2.2. Innovativeness

In technology evaluation, the assessment of technological innovativeness is an im-
portant basis for identifying key core technologies [26]. In this paper, the average pub-
lic/publication year and similarity to existing topics are used to analyze the innovativeness
of technology in terms of time and citation, respectively.

(1) Average Public/Publication Year

Generally speaking, recently disclosed/published patents/papers usually have a high
degree of novelty in terms of time, so the technical innovativeness in the time dimension
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can be expressed by the average year of occurrence (AYO) of the relevant paper, which is
calculated by the following formula:

AYOi =
∑n

j=1YOj

n

where n is the number of patents/papers in subject i, j is the jth patent/paper in subject i,
and YOj is the year of disclosure/publication of the jth patent/paper.

(2) Similarity to Existing Topics

Text similarity reflects the degree of similarity between the semantic connotations
of the two texts and the size of the difference; the higher the similarity, the stronger the
relevance of the content contained in the two texts. In this paper, the cosine similarity
algorithm is used to measure the similarity between retrieved technical topics and existing
technical topics (TTS) by calculating the angle between two vectors. The specific calculation
formula is as follows:

TTSab =
∑n+m

1 ci√
∑n+m

1 c2
i ×

√
∑m+n

1 c2
i

(c = a + b)

where a is a vector of the retrieved patent/paper’s textual content, b is a vector of the
reference textual content, n is the number of patents/papers in subject i, and m is the
number of reference texts corresponding to the patent/paper.

2.2.3. High Competitiveness Barriers

This paper introduces the concept of a “monopoly industry” into the field of technol-
ogy identification and defines a “monopoly technology subject” as follows: Due to the
existence of technical barriers, only a small number of patentees/institutions have mastered
the technology and applied for/published relevant patents/papers. Based on this, this
paper tries to measure the high competitive barriers of technical subject matter from the
perspective of technical monopoly, in terms of monopoly intensity and monopoly duration.

(1) Monopoly Year

In economics, the Concentration Rate 4 (CR4), an indicator of the concentration of
the top four shares of an industry, can be used to classify the degree of competition and
monopoly of an industry.

Drawing on the Bain’s classification of the market structure, this paper considers
technical topics with a CR4 ≥ 30% as non-competitive technical topics, and obtains the
time when the technical topic belongs to non-competitive technical topics, i.e., monopoly
year (MY), by calculating the number of years in which the CR4 is greater than or equal to
30%, as shown in the specific calculation formula below:

CR4i =
ni1 + ni2 + ni3 + ni4

∑m
p=1nip

MYi = year(CR4i ≥ 30%)

where ni1, ni2, ni3, and ni4 denote the institution-specific disclosure/publication numbers
of the top four institutions with the highest number of patent disclosures/publications in
subject i, nip is the number of patent disclosures/paper publications of the pth organization
under the ith technical subject, and m is the number of organizations included under the ith
technical subject.

(2) Topic Concentration

The Herfindahl–Hirschman Index is a comprehensive index that expresses the level of
industrial concentration by the sum of the squares of the market shares of all enterprises in
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a particular market. Some scholars draw on this index [27] to determine whether most of
the patents/papers are held in a few institutions by calculating the sum of the squares of
the patent disclosures/papers published by each institution under a certain topic over the
total number of patent disclosures/papers published by all the institutions under the topic,
i.e., topic concentration (TC), which is calculated by the following formula:

TCi =
m

∑
p=1

(
nip

ni
)2

where TCi denotes the theme concentration index for the ith technology theme, nip is the
number of patent disclosures/paper publications of the pth organization under the ith
technical subject, ni is the number of all patents/papers under the ith technical subject, and
m is the number of organizations included under the ith technical subject.

The above indicators can be summarized as shown in Table 1:

Table 1. Key core technology identification indicator system.

Character Perspective Indicator Formula

Importance Status Node Crossover Degree NCi =
∑n

j=1 (k in(j)+1)α (k out(j)+1)1−α−1
n

Influence Time-Weighted Citation
Frequency TWCFi =

∑n
j=1(tj×Cj)

n

Innovativeness
Time Average Public/Publication

Year AYOi =
∑n

j=1YOj

n

Element Similarity to Existing Topics TTSab = ∑n+m
1 ci√

∑n+m
1 c2

i ×
√

∑m+n
1 c2

i

High competitiveness
barrier

Monopoly period Monopoly Year MYi = year( ni1+ni2+ni3+ni4
∑m

p=1nip
≥ 30%)

Monopoly power Topic Concentration TCi =
m
∑

p=1
(

nip

ni
)2

3. Empirical Research
3.1. Data Acquisition and Preprocessing
3.1.1. Data Acquisition

The patent data were obtained from Derwent Patent Database (DII). By locating the
relevant information in the field of proton exchange membrane (PEM) fuel cells and com-
bining the opinions of experts, we searched the patent data with the search terms ‘Proton
exchange membrane* fuel cell*’, ‘polymer electrolyte membrane* fuel cell*’, ‘Polymer elec-
trolyte* fuel cell*’, etc., and combined them with the Derwent manual codes L03-E04A2 and
L03-E04F to search the patent data. Considering that the number of citations of patents is
commonly used to measure the value of patents in practice [3], in this paper we attempt to
initially screen the patent data from the number of citations to obtain a high-quality patent
dataset. Through reading the relevant literature, existing research suggests that the value of
patents conforms to the ‘law of two or eight’ in the field of sociology, and the frequency of
citations also conforms to this law [4]. Therefore, based on the above research results, in this
paper we take the top 20% of patent records with the citation frequency in each year after
2001, and after removing the blank and seriously incomplete data, a total of 5683 patent
data points are obtained, which lays the foundation for the subsequent research.

The paper data were obtained from the Web of Science platform (WOS) by mining
the relevant information in the field of proton exchange membrane fuel cells and synthe-
sizing experts’ opinions, and the terms ‘Proton exchange membrane* fuel cell*’, ‘polymer
electrolyte membrane* fuel cell*’, ‘Polymer electrolyte* fuel cell*’, etc., were used as search
terms. According to the conclusion of related research, the low citation criterion defined
by the ‘law of two or eight’ can effectively distinguish the academic value of papers, and
the derived results are more stable [5]. Considering that the citation frequency as an ob-
jective index for evaluating academic quality has become a consensus in the academic
community [6], in this paper we also adopt the ‘law of two-eight’ to select the top 20%
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of the papers with the citation frequency in each year after 2001 and remove the blanks
and seriously incomplete data; a total of 7203 papers were obtained for the subsequent
experimental study.

3.1.2. Data Preprocessing

The title and abstract of a patent record the main technical programme and the techni-
cal effect achieved by the patent, so in this paper we extract the method, use, and novelty
fields in the title and abstract of each patent and then splice them together to form the text
content field of the patent. The title, abstract, and keywords of a paper summarize the core
theme, research purpose, and research results of the paper, so in this paper we also extract
and splice the title, abstract, and keyword fields of each paper to form the content field of
the paper.

After constructing the text dataset, in this paper we carry out preprocessing opera-
tions including word splitting, synonym replacement, the deletion of deactivated words
using common deactivation lists and self-constructed deactivation lists, the removal of
punctuation marks, lexical reduction, etc., and finally obtain the text corpus to be trained.

3.2. Topic Identification
3.2.1. Patent Topic Identification

Based on the patent corpus obtained by preprocessing, using the BERTopic model for
topic identification, our results suggest that the research topics of patents in the field of
proton exchange membrane fuel cells mainly include the following categories, as shown in
Table 2:

Table 2. Patent research topics in the field of proton exchange membrane fuel cells.

Level 1 Technology Level 2 Technology Level 3 Technology Percentage (%)

Stack

Membrane electrode

Polymer membrane 27.06
Platinum carbon catalyst 22.02

Electrode catalyst 5.39
Porous carbon fibre material 4.79

Graphene-Pt catalyst 0.76
Sulphonated graphene oxide preparation of the

proton exchange membranes 0.62

Bipolar plate
Bipolar plate seal 7.38

Bipolar plate corrosion resistance 1.09
Graphite bipolar plate 0.56

Seal Rubber sealing material 0.60

Other material
Battery separator material 3.45

Battery electrode 0.46

Algorithmic model Parameter prediction modelling 1.02

System

Hydrothermal
management system

Air supply and cooling system 3.28
Hollow fibre membranes for humidifier 0.65

Fuel system Methanol fuel supply system 0.65

Practical application Hydrogen fuel cell vehicle 18.69

3.2.2. Paper Topic Identification

Based on the paper corpus obtained by preprocessing, using the BERTopic model for
topic identification, we suggest that the research topics of patents in the field of proton
exchange membrane fuel cells mainly include the following categories, as shown in Table 3:
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Table 3. Paper research topics in the field of proton exchange membrane fuel cells.

Level 1 Technology Level 2 Technology Level 3 Technology Percentage (%)

PEMFC system hydrogen
generation/storage

Hydrogen generation Steam reforming to hydrogen 0.93

Hydrogen storage Metal hydride hydrogen storage 0.84

Stack

Membrane electrode

Platinum carbon catalyst 37.54
Nafion composite proton conduction membrane 19.14

Gas diffusion and microporous layer 6.62
Platinum-reduced graphene oxide catalyst 4.48
Membrane electrode assembly degradation 1.94

Graphene oxide composite membrane 1.63
Methanol cross effect 1.59

Non-precious metal catalyst 0.99
Palladium-based electrocatalyst 0.72

Bipolar plate Corrosion resistance of the bipolar plate 2.18
Graphite bipolar plate 0.91

Algorithmic model Temperature influence model 12.26
Fault detection diagnostic model 0.62

Testing technology Neutron radiography 0.67

System

Energy management Energy management of hybrid system 4.15

Algorithmic model Battery performance improvement model with
metal foam as dispenser 0.36

Practical application Hydrogen fuel cell vehicle 2.44

3.2.3. Comparative Analysis

It is well known that a patent is the innovative result of technology at the application
level, while a paper is the research result of technology at the scientific level, and there is a
certain difference between the two in terms of their focus on technical topics. This study
uses a butterfly diagram to visualize and compare the recognition results, as shown in
Figure 2.

As can be seen from Figure 2, in terms of the focus of the research topics, there are some
differences in the topics and the percentage of the patent texts and paper texts identified
under each classification, with the most researched topic in the patents being polymer
membranes and most of the papers’ research focusing on platinum–carbon catalysts; in
terms of the content of the research, the patents are generally more inclined to solving the
problems of practical applications or focusing on the future commercial potentials of the
technologies, such as material improvement and cost reduction, while papers focus more
on basic scientific research, such as the development of new materials or methods and
performance optimization.

3.3. Index Calculation

After calculating the importance, innovativeness, and high competitive barriers of
17 patent research topics and 19 paper research topics in the field of the proton exchange
membrane fuel cell, respectively, the Entropy Method and the Criteria Importance Through
Intercriterion Correlation (CRITIC) assign different weights to the three indexes, and the
overall assessment is made by applying the Technique for Order Preference by Similarity to
Ideal Solution (TOPSIS). The comprehensive scores of key core technologies for each theme
are shown in Tables 4 and 5.
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Table 4. Patent text key core technology topic composite score.

No. Overall Score No. Overall Score

Topic 0 0.405307 Topic 9 0.380223
Topic 1 0.380850 Topic10 0.479992
Topic 2 0.373719 Topic11 0.422042
Topic 3 0.423837 Topic12 0.402619
Topic 4 0.438897 Topic13 0.426572
Topic 5 0.490420 Topic14 0.497500
Topic 6 0.529310 Topic15 0.312286
Topic 7 0.325339 Topic16 0.349631
Topic 8 0.356908



Energies 2024, 17, 5418 9 of 12

Table 5. Paper text key core technology topic composite score.

No. Overall Score No. Overall Score

Topic 0 0.501489 Topic10 0.519005
Topic 1 0.426902 Topic11 0.399432
Topic 2 0.381690 Topic12 0.463090
Topic 3 0.410762 Topic13 0.395977
Topic 4 0.519146 Topic14 0.400389
Topic 5 0.391863 Topic15 0.588108
Topic 6 0.505548 Topic16 0.433947
Topic 7 0.398494 Topic17 0.516251
Topic 8 0.473416 Topic18 0.513738
Topic 9 0.553236

The TOP3 key core technology topics in the patent text in the field of proton ex-
change membrane fuel cells, namely Topic6 (cell spacer materials), Topic14 (rubber sealing
materials), and Topic5 (porous carbon fibre materials), were selected for specific analysis.

Battery spacer material is a key component used inside a battery to provide isolation
between the cathode and anode of the battery to prevent short circuits and combustion
explosions, as well as to allow ionic movement to enable the charging and discharging
processes of the battery, and it plays an important role in ionic conduction, electronic
insulation, and maintenance of the chemical and thermal stability of the battery. The battery
spacer material covered in this article mainly refers to the bipolar plate, and a review of the
title and summary information of each patent under Topic6 reveals that the topic focuses
on the formation of separator materials with excellent properties such as high strength,
high corrosion resistance, and high electrical conductivity.

Fuel cell sealing is an important link to ensure the performance and safety of the fuel
cell, and sealing material plays a crucial role in the fuel cell, not only to provide a gas
barrier, but also due to the need to have environmental insulation, a rubber elastomer,
coolant resistance, etc., and the optimization of their performance and application process is
essential to ensure the long-term stable operation of the battery system. The rubber sealing
material involved in this study mainly includes sealing rubber compositions for proton
exchange membrane fuel cell diaphragms, in addition to reaction-curing silicone rubber
adhesive compositions and sealing materials consisting of silicone rubber compositions
and layered double hydroxide compounds.

In proton exchange membrane fuel cells, porous carbon fibre material is usually used
as part of the gas diffusion layer, which mainly consists of sheets containing randomly
dispersed carbon staple fibres and carbide resins with better electrical conductivity and
higher production efficiency, and can be regarded as a key core technology in proton
exchange membrane fuel cells. The porous carbon fibre material involved in this study is
mostly used to fabricate gas diffusion layers with high tensile strength, good compressibility
and durability, and excellent mechanical properties.

The TOP3 key core technology topics in the paper text in the field of proton exchange
membrane fuel cells, namely Topic15 (palladium-based electrocatalysts), Topic9 (graphene
oxide composite membranes), and Topic4 (platinum-graphene oxide catalysts), were se-
lected for specific analyses.

Electrocatalysts are an important factor in determining the efficiency and cost of
fuel cell devices, and the preparation of catalysts with high catalytic activity and low
prices is key to the wide application of fuel cells. Generally speaking, electrocatalysts
can be divided into metal catalysts and non-metal catalysts, and metal catalysts can be
subdivided into precious metal catalysts and non-precious metal catalysts. Palladium-based
electrocatalysts, as one kind of noble metal catalysts, can effectively solve the problems of
high cost and limited reserves of platinum-based catalysts, and belong to the key technology
in the field of proton exchange membrane fuels. The related papers involved in this
study mainly investigated the excellent performance of palladium-based electrocatalysts
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in portable power applications and how to improve the performance of palladium-based
electrocatalysts.

Graphene oxide can be compounded with ionic polymers due to the presence of
reactive oxygen functional groups to prepare various types of composite proton exchange
membranes including graphene oxide nanocomposite membranes, graphene oxide/Nafion
composite membranes, and polybenzimidazole/graphene oxide composite membranes [28].
Graphene oxide-based composite proton exchange membranes can improve the proton
conductivity of the membrane under high-temperature and low-humidity conditions,
reduce the methanol permeability, and improve the power density of the cell when applied
to fuel cells [29], which is a key technology in proton exchange membrane fuel cells. The
graphene oxide composite membrane paper involved in this study mainly focuses on
the innovation of the composite membrane preparation method and its advantages in
enhancing the battery performance and other aspects.

Graphene-loaded noble metal nanoparticles are one of the most widely used classes of
electrocatalysts for fuel cells, and high dispersion of metal nano-catalysts can be achieved
by depositing platinum and low-platinum nanomaterials on graphite nanosheets. Most
of the papers under this theme in this study focus on topics such as methods for forming
stable metal–metal oxide–graphene triple junctions and the preparation of graphene-loaded
Pt and Pt alloy electrocatalysts.

Through the above analysis, it can be found that in the field of PEMFCs, there are some
differences in the focus of key core technologies between patents and papers. Generally
speaking, patents are more inclined to solve problems in practical applications or focus on
the future commercial potential of the technology, such as material improvement and cost
reduction, while papers are more focused on basic scientific research, the development of
new materials or new methods, and performance optimization.

Specifically, the battery spacer materials identified in the patents mainly refer to
the bipolar plates, the core component of the proton exchange membrane fuel cell, and
it can be seen from the specific content that the patents usually focus on improving the
conductivity and corrosion resistance of the spacer materials, as well as reducing the overall
cost and improving the stability of the battery; the papers pay more attention to another
core component−the proton exchange membrane−and focus more on the development
of new materials, the exploration of new methods, and the optimization of the battery
performance. Meanwhile, catalysts are an important component of PEMFCs; how to
prepare better catalysts and how to improve the chemical performance of catalysts are also
the key technologies in the current papers.

In the patents, the rubber sealing material is an important part of the practical applica-
tion of the battery due to its key role in ensuring the sealing of the battery and preventing
gas leakage, while the papers discuss relatively little about the rubber sealing material;
the patents focus more on the application of different materials in the battery, such as the
application of porous carbon fibre materials in the gas diffusion layer, which are chosen
due to their high electrical conductivity and good mechanical properties, while the papers
focus more on the microstructure design and optimization of the materials.

In addition, the algorithmic model category is more likely to become a key core
technology identified in the paper text, such as fault detection diagnostic models, for
which research focuses more on improving the diagnostic prediction accuracy to better
troubleshoot or predict the causes of battery performance degradation or failure.

4. Conclusions

In this paper, the BERTopic theme model is applied to achieve theme discovery and a
set of key core technology theme identification index systems is constructed. In the key core
technology identification of proton exchange membrane fuel cells, research themes with
importance, innovativeness, and high competitiveness barriers are successfully identified
by designing the comprehensive score index of key core technology, and the identification
results of patents and papers are compared and analyzed.
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In the future, with the growing global demand for clean energy, research on proton
exchange membrane fuel cells will focus more on performance improvement, cost reduction,
and the development of new materials. At the same time, with the further development of
artificial intelligence and machine learning technologies, future research methods will be
more efficient and precise. In addition, as global environmental policies continue to tighten,
the role of PEMFCs in alternative energy will become more and more important, and their
applications in electric vehicles, static power stations, and portable power supplies will be
further expanded.
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