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Abstract
[Purpose/Significance] The intimate relationship between science and technol-
ogy renders the analysis of technology opportunities through the integration of
academic papers and patents more rational and efficient than utilizing single-
source data. This study automates the generation of science-technology relation-
ships, reduces dependence on subjective judgment, achieves finer granularity of
technology, and concurrently provides research and development recommenda-
tions for technology R&D personnel, thereby applying concepts derived from
scientific research to corresponding technological innovations.

[Method/Process] The abstracts of papers and patents are represented as
Doc2vec vectors, correlated into a network via text similarity, and subsequently
science-technology topic clusters are generated based on the Louvain algorithm
to identify technology opportunities propelled by scientific research. Finally,
an empirical study is conducted with 3D printing technology as a case study.

[Results/Conclusion] Several technology opportunities driven by scientific re-
search are identified, and the identified opportunities are verified to possess
certain technological potential, thereby demonstrating the feasibility and effec-
tiveness of the proposed method.
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makes it more reasonable and efficient to analyze technology opportunities by
combining papers and patents rather than using single-source data. This pa-
per aims to automate the generation of science-technology relationships, reduce
dependence on subjective judgment, refine technology granularity, and provide
R&D suggestions for technology developers to apply concepts from scientific
research to corresponding technological innovations. [Method/Process] The ab-
stracts of papers and patents were represented as vectors using Doc2vec, which
were then associated into a network through text similarity. Technology op-
portunity clusters promoted by scientific research were identified based on the
Louvain algorithm. Finally, an empirical study was conducted using 3D print-
ing technology as a case. [Result/Conclusion] Several technology opportunities
promoted by scientific research were identified and verified to have technological
potential, proving the feasibility and effectiveness of the method.

Keywords: technology opportunity analysis; scientific impetus; patent analy-
sis; Doc2vec; Louvain algorithm
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Innovation is one of the most important sources of technological progress and eco-
nomic development [1-2]. To rationally utilize limited resources and enhance in-
novation capacity and market competitiveness, researchers and corporate R&D
personnel need to identify various technology opportunities to achieve innova-
tion. Technology Opportunity Analysis (TOA), proposed by Professor Alan
Porter of the Georgia Institute of Technology’s Technology Policy and Assess-
ment Center in the 1990s, is defined as inferring potential technological forms
or development hotspots that may emerge in a field by mining the develop-
ment trends and interrelationships of existing technologies in that domain. Pro-
fessor A.L. Porter combined technology monitoring with bibliometric analysis
to conduct technology opportunity identification research [3-4]. Over the 20+
years since TOA was proposed, scholars worldwide have continuously researched
technology opportunity analysis, providing rich methodologies for discovering
technology opportunities.

Most existing research on technology opportunity analysis is based on patent
data. Patents, as indicators for measuring industrial technological innovation,
demonstrate the achievements of technological development [5]. In knowledge-
intensive technologies, scientific research forms the foundation of technological
development and is considered the seed of technology and innovation [6]. Sci-
entific literature, as the primary means of recording, disseminating, and ex-
changing scientific knowledge, reflects the process and achievements of scientific
development [7]. Therefore, many scholars seek technology opportunities from
scientific papers. The relationship between science and technology is insepara-
ble; scientific research provides seeds for technological innovation and supplies
nutrients for technological development. Conducting technology opportunity
analysis from a science-push perspective facilitates the application of scientific
research achievements to technological development. Research combining sci-
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entific research and technological development typically uses both papers and
patents as data sources. Previous scholars have conducted technology opportu-
nity analysis by either mixing these two data types or using them separately,
but neither approach adequately utilizes the relationship between science and
technology to mine technology opportunities.

Some scholars have formed two major clusters—science themes and technology
themes—from papers and patents respectively, and conducted comparative anal-
ysis to overcome the shortcomings of previous studies that failed to fully utilize
the science-technology relationship. Such research associates themes formed
from papers and patents, identifying technology opportunities as themes that
exist in papers but not in patents. One approach forms science and technol-
ogy clusters based on paper and patent citation networks respectively [6,8-9].
However, since immature technologies have not yet formed complete citation
networks, this leads to sparse networks. Another approach builds science and
technology clusters separately based on text semantics, then compares the the-
matic differences between them [10-14]. Due to the different data sources, the
two types of clusters are difficult to correspond, requiring heavy reliance on
experts.

To overcome these limitations, this paper takes the relationship between science
and technology as its theoretical foundation. It first associates paper and patent
data through the text similarity of their abstracts to form an association net-
work, then generates science-technology theme clusters to identify technology
opportunities promoted by scientific research, thereby enhancing the correspon-
dence between science and technology themes while reducing dependence on
experts.

1 Literature Review
1.1 The Interaction Between Scientific Research and Technological
Development

The close relationship between scientific research and technological development
forms the theoretical basis of this paper. Since M. Price’s 1965 study [15], re-
searchers have found that as innovation cycles shorten, the connection between
technology and scientific research becomes increasingly close [16-17]. S. Breschi
revealed the science-technology connection through the close ties between scien-
tists and inventors [18]. Abundant scientific research can stimulate innovation
and technological development [19]. In the long run, the most important source
of new technological opportunities is the accumulation of scientific knowledge.
Science can promote industrial technology in two ways: first, by providing theo-
ries, data, and problem-solving capabilities; second, by directly developing new
technological possibilities and proposing new solutions to old problems [20].
Without recent academic research, there would be 10% fewer new products and
processes [21]. Conversely, technologies with less scientific exploration may also
inspire important scientific breakthroughs. Most applied research work begins
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with needs or goals before returning to science to achieve those goals [20]. There-
fore, science and technology are interdependent [22-23].

In empirical research, Lai Yuangen explored the relationship between scientific
research and technological development by mapping CLC classification numbers
to IPC categories based on term correspondence to connect papers and patents
[24]. Many empirical studies have shown that large amounts of scientific in-
formation are organized and compiled in patents, indicating that increasingly
more technological development depends on science [25-27]. The mutual cita-
tion phenomenon between scientific papers and patents also demonstrates the
interconnection, mutual influence, and mutual promotion between science and
technology, as well as between basic research and technological innovation [28-
30]. L. Fleming confirmed through patent data analysis that science changes
inventors’ search processes, helping them eliminate ineffective research paths,
find useful combinations more directly, and motivate them to continue despite
negative feedback [31]. Since scientists rarely know what industrial applications
their discoveries might have, and companies often don’t know which scientific
discoveries might help their needs, T. Hellmann constructed a search and match-
ing model between scientists and enterprises to bridge the communication bar-
riers. The study found that patenting scientific discoveries helps the scientific
community push their findings to industry [32].

1.2 Opportunity Analysis Research Based on Scientific Papers and
Patents

Research on technology opportunity analysis based on papers and patents can
be roughly divided into three categories: (1) Studies that do not distinguish be-
tween paper and patent data sources and mix them for use. For example, Ren
Zhijun mined paper and patent texts to implement an emerging technology dis-
covery method, predicting technology trends and emerging technologies based
on feature selection results [33]. (2) Studies that distinguish between papers and
patents to identify technology opportunities in each separately. For instance,
Zhang Fujun used co-word analysis and predicate tree analysis to conduct com-
parative analysis between papers and patents and among patents to mine tech-
nology opportunities in marine science [34]. Wang Xingwang combined three
different types of information—scientific papers, patents, and technology public
opinion—to identify high-intensity keywords for frontier technology prediction
[35]. (3) Studies that form science and technology themes separately from pa-
pers and patents for comparative analysis, overcoming the defect of insufficient
utilization of the science-technology relationship in the first two categories. This
research associates themes formed from papers and patents, identifying technol-
ogy opportunities as themes existing in papers but not in patents.

One sub-approach forms science and technology clusters based on paper and
patent citation networks respectively, such as N. Shibata et al., who built pa-
per and patent citation networks and measured semantic similarity between
academic paper sets and patent sets through natural language processing to
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mine frontier fields existing only in academic research without patents, support-
ing R&D investment decisions for enterprises and governments [6,8]. Y. Takan
and Y. Kajikawa built paper and patent citation networks separately, calculated
cosine similarity between paper clusters and patent clusters, and selected emerg-
ing clusters with low similarity, more papers, and fewer patents for technology
opportunity analysis [9].

Another sub-approach builds science and technology clusters based on text se-
mantics separately, then compares thematic differences. For example, M.Y.
Wang mined papers and patents to form science and technology domain clusters,
identifying areas with scientific activity but no technological application, provid-
ing potential for new technology opportunities [11]. Huang Lucheng and Wang
Jingjing extracted SAO structures from paper and patent texts, calculated pa-
per similarity and patent similarity, summarized cluster themes through multi-
dimensional scaling analysis, and identified themes existing in papers but not in
patents to determine technology opportunities [13]. Wang Kun et al. extracted
keywords from paper and patent texts, built a dissimilarity co-occurrence ma-
trix, used multidimensional clustering to identify research hotspot themes, and
recognized themes existing in papers but not in patents as technology opportu-
nities [14]. Wang Jing’an compared keyword clusters and technology research
hotspots in scientific papers and patents, finding that the two major technology
opportunities for IoT development were GIS technology at the application layer
and fusion computing technology under multi-source big data at the platform
layer [12]. Han Yan used edge-betweenness centrality indicators and knowledge
unit integration methods to extract technology themes, analyzed technology
themes considering both scientific research and technological achievements as
foundations for technology formation, and finally found technology opportuni-
ties manifested as “knowledge association” [36]. X. Li compared the time dif-
ference between when technology themes first appeared in scientific papers and
patents, combined text mining with expert judgment to predict short-term tech-
nology development trends and identify technology opportunities [10]. Table 1
summarizes these third-category studies.

1.3 Literature Review Summary

Most technology opportunity analysis studies use single-source data (scientific
papers or patents), missing much useful technical information during analysis
and yielding incomplete results. There is a close relationship between scientific
research and technological development, with scientific research providing impe-
tus for technological R&D. Combining scientific papers with technology patents
facilitates more comprehensive technology opportunity analysis than using ei-
ther alone. However, many studies that jointly analyze papers and patents
still treat the two data sources separately, lacking comparison and connection
between them and failing to consider their relationship.

In recent years, some scholars (see Table 1) have overcome the limitation of
separating the two data types by clustering papers and patents separately to
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obtain science and technology themes for comparative analysis. However, these
studies still have limitations: (1) In studies forming science and technology
themes based on citation networks, emerging technologies have not yet formed
complete citation networks and may be excluded during network construction,
resulting in sparse networks and potential loss of important information. (2)
Papers and their references do not necessarily address the same topic. In studies
forming theme clusters based on text, the low correspondence between the two
clusters requires expert identification of cluster correspondences, resulting in
coarse-grained technology granularity and typically only a few matched science-
technology theme pairs, which is not conducive to mining more technology op-
portunities.

2 Technology Opportunity Analysis Method Based on Sci-
entific Impetus
The research framework of this paper is shown in Figure 1 [Figure 1: see orig-
inal paper] and consists of three steps: (1) Data collection and document vec-
tor representation: selecting appropriate technology fields, collecting scientific
paper and patent data, extracting abstract texts, and representing papers and
patents as “document-feature vectors” based on the Doc2vec model; (2) Science-
technology theme network construction: calculating cosine similarity between
document vectors to build a network linking scientific papers and patents, form-
ing science-technology theme clusters through the Louvain community detection
algorithm to divide the paper-patent network into sub-networks; (3) Technology
opportunity discovery: constructing “relative scientific impetus” and “relative
technology achievement quantity” indicators, establishing a two-dimensional co-
ordinate system to identify potential technology opportunities.

2.1 Data Collection and Doc2vec Document Vector Representation

Scientific paper data were obtained from SCI (Science Citation Index) and EI
(Engineering Index). SCI is an internationally recognized tool for scientific
statistics and evaluation, while EI is a famous comprehensive retrieval tool for
engineering technology. The papers indexed by the two have differences and
overlaps but both represent documents needed for this study to characterize
scientific processes and achievements. Patent data were obtained from the Der-
went Innovation Index (DII) platform. Title, abstract text, and year information
were extracted from paper and patent data for analysis.

To associate and match paper and patent data, a document vector representa-
tion method is needed to map both abstract texts into the same vector space.
Traditional document vector representation methods include: (1) Bag-of-Words;
(2) Average Word Vectors, which simply average all word vectors in a sentence;
and (3) TF-IDF Weighted Word Vectors, which weight all word vectors in a sen-
tence by TF-IDF. These three methods share the common drawback of ignoring
word order and semantic information. Doc2vec [37] is currently a more effec-

chinarxiv.org/items/chinaxiv-202304.00782 Machine Translation

https://chinarxiv.org/items/chinaxiv-202304.00782


tive document vector representation method. It is an unsupervised algorithm
that learns fixed-length feature representations from documents based on word
context order, overcoming the disadvantage of models like Bag-of-Words that
ignore word order.

The Doc2vec model is inspired by the Word2Vec word vector model. Similar
to Word2vec, Doc2vec has two training modes: PV-DM (Distributed Mem-
ory Model of Paragraph Vectors) and PV-DBOW (Distributed Bag of Words
version of Paragraph Vectors). This paper uses Python’s gensim library for
document vector training. Following the model authors’ recommendations [37],
both models were trained with the same parameters and the resulting vectors
were combined for use. To ensure paper and patent vectors exist in the same
space, the two data sources were marked and trained together. Before training,
to achieve better results, two adjacent words with high co-occurrence frequency
in the abstract text were combined into a bigram and treated as a single word
for model training.

After repeated experimentation and combining with the default parameters set
by the model authors [37], the Doc2vec model parameters were set as follows:
document vector dimension of 100, sliding window length of 10, minimum word
frequency of 4, and adjacent words with co-occurrence frequency greater than
or equal to 20 were combined into bigrams. Ultimately, each paper obtained
a document vector PA_i, and each patent obtained a document vector PT_j,
with all vectors having equal length.

2.2 Science-Technology Theme Network Based on Louvain Commu-
nity Detection Algorithm

After representing papers and patents as document vectors, the cosine similarity
between each paper and patent document was calculated:

cos_{sim}(i,j) = (PA_i ・PT_j) / (|PA_i| |PT_j|)  (1)

Cosine similarity values range between 0 and 1. A cos_{sim}(i,j) value closer
to 1 indicates greater content similarity between paper i and patent j, while a
value closer to 0 indicates less relevance. To extract associations between papers
and patents, a threshold was set to exclude pairs with cosine similarity below
the threshold, while paper-patent pairs with similarity greater than or equal to
the threshold were included as edges in the paper-patent association network,
with edge weights reset to 1.

The paper-patent association network is complex and difficult to interpret, re-
quiring clustering into interpretable themes. Since the network contains both
paper nodes representing science and patent nodes representing technology, the
resulting clusters are called science-technology themes. The Louvain commu-
nity detection algorithm [38] is a commonly used clustering method in social
networks. It is essentially a hierarchical graph clustering method comprising
two alternating iterative phases. The first phase continuously traverses net-
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work nodes, assuming each node is a community. With N nodes initialized as N
communities, each node is attempted to be added to the community that max-
imizes modularity improvement until all nodes no longer change. Modularity
is an indicator measuring community partition quality; higher values indicate
more internal edges within communities and fewer external edges, meaning bet-
ter clustering.

In weighted networks, the modularity calculation formula is:

Q = (1/2m) Σ_{ij} [A_{ij} - (k_i k_j)/2m] 𝛿(c_i, c_j) (2)

where A_{ij} represents the weight of edges between i and j, k_i = Σ_j A_{ij}
is the sum of weights of edges connected to node i, c_i is the community assigned
to vertex i, 𝛿(c_i, c_j) is a custom function that equals 1 if c_i = c_j and 0
otherwise, and m = Σ_i,j A_{ij}.

In the second phase, small communities are merged into new nodes to recon-
struct the network. These two steps are iterated until the algorithm stabilizes,
meaning the sum of modularity across all sub-communities remains unchanged.

In practice, after one Louvain algorithm iteration, a few extremely large clusters
exist, covering most network nodes. To achieve smaller and more precise theme
granularity, large clusters underwent secondary computation using the Louvain
algorithm again, while smaller clusters retained their first-round results, ulti-
mately forming an appropriate number of science-technology theme clusters.
Each science-technology theme exists as a network containing both paper and
patent nodes, representing a sub-network of the paper-patent association net-
work.

2.3 Technology Opportunity Discovery Based on Scientific Impetus

In this paper, scientific impetus (SiPush) is defined as: in a science-technology
theme cluster network, if there exists a connected paper-patent pair where the
patent publication year is at least n years later than the paper, this pair is called
one scientific impetus, and the number of such pairs in the theme is SiPush.

M.P. Carpenter et al. analyzed the time lag of patents citing academic papers,
finding that patents typically cite papers 3-5 years after publication (referred
to as citation lag), similar to citations among scientific papers [39]. X. Li ex-
tracted technology themes and science themes from patents and papers respec-
tively, finding that the same theme appears in patents 1-2 years later than in
papers (referred to as theme lag) [10]. In existing research, theme lag and ci-
tation lag differ significantly because theme lag is based on content similarity
while citation lag is based on citation relationships. The former represents the
time difference when science and technology develop relatively independently,
while the latter directly reflects the lag of science’s impetus on technology—
that is, scientific research achievements require at least 3 years to manifest in
technological development. Therefore, in paper-patent associations, only when
the patent application year is 3 or more years later than the paper publication
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time can we conclude that the technological invention’s impetus comes from
scientific research rather than relatively independent development. This paper
studies technology opportunities promoted by science, thus limiting the source
of scientific impetus for technology opportunities to scientific papers published
at least 3 years before the patent application (i.e., n = 3).

Assuming a theme contains SiNum papers, two indicators are constructed:

(1) Relative Scientific Impetus (R_{SiPush}), representing the relative mag-
nitude of scientific impetus in a science-technology theme, calculated as:

R_{SiPush} = SiPush / SiNum (3)

where SiPush is the number of scientific impetus pairs in the theme.

(2) Relative Technology Achievement Quantity (R_{TeNum}), repre-
senting the relative number of existing technology achievements in a
science-technology cluster, calculated as:

R_{TeNum} = TeNum / SiNum (4)

where TeNum is the number of patents in the theme.

As shown in Figure 2 [Figure 2: see original paper], the network represents a
science-technology theme cluster, with hollow nodes representing papers (quan-
tity 7) and solid nodes representing patents (quantity 6). The number of scien-
tific impetus pairs (where patent publication year is at least 3 years later than
paper) is 12, giving R_{SiPush} = 12/7 = 1.71 and R_{TeNum} = 6/7 = 0.86.

A two-dimensional quadrant is established using these two indicators, as shown
in Figure 3 [Figure 3: see original paper]. The horizontal axis represents relative
technology achievement quantity—the further right a theme is positioned, the
more patents exist relative to papers, indicating higher technological realization.
The vertical axis represents relative scientific impetus—the higher a theme is
positioned, the more paper-patent pairs with a 3+ year time difference exist
relative to paper quantity, indicating greater relative impetus from scientific
papers.

Quadrant I (upper right): Both scientific impetus and existing technology
achievements are relatively high. Themes in this area depend heavily on scien-
tific research for technological realization and have high technological maturity,
suggesting fewer future technology opportunities and making it unsuitable for
technology opportunity mining.

Quadrant II (upper left): High scientific impetus but few existing technology
achievements. Themes in this area depend heavily on scientific research but
have not yet produced many technological achievements, indicating high future
development potential and easy access to theoretical foundations from scientific
research. This quadrant is selected for discovering technology opportunities
promoted by science.
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Quadrant III (lower left): Both scientific impetus and existing technology
achievements are relatively low, with low dependence on scientific research and
low technological realization. These themes may be in early or declining stages,
with relatively few theories and concepts to draw from scientific research. This
quadrant is not discussed in this paper.

Quadrant IV (lower right): Low scientific impetus but many existing technology
achievements, indicating mature technology with fewer future opportunities.
Low scientific impetus suggests these themes depend less on scientific research
or have matured without requiring extensive scientific support. This quadrant
is also excluded from discussion.

Based on the research objectives, Quadrant II is selected as the area for discov-
ering technology opportunities.

3 Empirical Study: Technology Opportunities in 3D Print-
ing
3D printing (three-dimensional printing), also known as additive manufacturing,
is a rapid prototyping technology and one of today’s rapidly developing hot
technology fields. After decades of development, 3D printing has established
a certain foundation and continues to develop rapidly, with considerable and
steadily increasing numbers of scientific papers and technology patents. Its
wide commercial application makes it a suitable case for this study.

3.1 Data Retrieval and Document Vector Model

Using 2010-2019 as the retrieval period and referencing previous scholars’ rele-
vant work [40], the search query ”TI = ((((3D OR 3-D OR (3 ADJ2 dimension)
OR (three ADJ2 dimension) OR additive) ADJ (print* OR fabricat* OR man-
ufact*)))” was formulated to retrieve paper and patent data from SCI, EI, and
Derwent indexes on February 9, 2021. After merging, deduplicating, and re-
moving invalid data, 23,018 papers from SCI and EI and 22,250 patents from
Derwent were obtained. According to the research design, patents applied for
at least 3 years after paper publication are considered to have scientific impe-
tus. Additionally, 2018-2019 data were reserved for result validation. Therefore,
paper data in this study covers 2010-2014, while patent data covers 2013-2017.

After repeated experimentation and combining with the default parameters set
by the model authors [37], Doc2vec model parameters were set as follows: doc-
ument vector dimension of 100, sliding window length of 10, minimum word
frequency of 4, and adjacent words with co-occurrence frequency $�$20 were
combined into bigrams.

3.2 Science-Technology Theme Network Construction

After representing papers and patents as document vectors, pairwise cosine sim-
ilarity was calculated between all papers and patents. A threshold of 0.5 was
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applied, with paper-patent pairs having similarity $�$0.5 considered content-
related and recorded as an edge, thus constructing a paper-patent association
network.

Based on this network, the Louvain community detection algorithm was applied
for clustering. After the first clustering, 5 large communities were identified, con-
taining 11,395, 4,635, 7,634, 10,689, and 5,769 nodes respectively, with remain-
ing communities having fewer than 60 nodes. These 5 large clusters underwent
secondary clustering using the Louvain algorithm again, excluding communi-
ties without scientific impetus, ultimately yielding 107 valid science-technology
themes.

3.3 Technology Opportunity Discovery

The relative scientific impetus and relative technology achievement quantity
were calculated for the 107 science-technology theme clusters. The median val-
ues median(R_{SiPush}) = 0.410 and median(R_{TeNum}) = 0.960 were used
as quadrant division thresholds. Due to the extreme outlier “1_{14}” affecting
visualization, this point was excluded, and the two-dimensional scatter plot
shown in Figure 4 [Figure 4: see original paper] was drawn, where each point
represents a science-technology theme labeled with its cluster ID (first number
= first clustering result, second number = second clustering result).

Twenty-three themes fell in Quadrant II, with relatively high scientific impetus
but relatively low existing technology achievements—the target area for tech-
nology opportunity identification in this paper. Table 2 shows statistics for
these 23 themes, including scientific impetus (SiPush), paper count (SiNum),
patent count (TeNum), relative scientific impetus (R_{SiPush}), and relative
technology achievement quantity (R_{TeNum}).

Ten larger themes were selected as examples for result interpretation and vali-
dation. Themes “5_9”, “3_9”, and “5_{10}” were excluded due to ambiguous
meanings. Theme content was inferred from keywords in paper and patent ti-
tles. Table 3 shows high-frequency terms (including scientific terms from paper
titles and technical terms from patent titles) for each theme, limited to the
top 5 terms for space considerations. Weighted frequency was used, where title
term frequency was calculated based on occurrence counts in paper-patent as-
sociation pairs. Documents appearing in multiple associations have their title
terms counted repeatedly, as they theoretically play more important roles in
the cluster. The inferred theme contents are shown in Table 3, representing the
identified technology opportunities. Figure 5 [Figure 5: see original paper] visu-
alizes high-frequency scientific and technical terms, with scientific terms shown
as light gray nodes labeled “[si]” and technical terms as dark gray nodes labeled
“[te]”.

Theme “1_1” is 3D printing display devices. Based on high-frequency paper
title terms like “holographic fabrication,” “three-dimensional photonic crystal”
and patent terms like “liquid crystal,” “display device,” technology developers
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can mine theoretical foundations of holography from scientific research to de-
velop 3D printing holographic displays. Theme “3_1” is 3D printing electrodes.
Based on paper terms like “supercapacitor performance,” “high performance,”
“electrochemical performance” and patent terms like “organic solvent,” “elec-
trode material,” opportunities exist in various organic solvents and electrode
materials, with scientific impetus expected to drive development toward high
performance.

Theme “4_1” is ceramic 3D printing. Technology developers can draw on scien-
tific research to innovate or improve ceramics and sintering processes. Theme
“3_4” is 3D inkjet printing, where developers can conduct technological devel-
opment in printing ink directions and acquire relevant knowledge from scientific
research. Theme “2_1” is bone tissue 3D printing, where developers can track
and absorb knowledge and concepts from scientific research to develop or im-
prove bone tissue 3D printing technologies for bone regeneration and repair.
Theme “4_7” is powder bed 3D printing, where technical opportunities can be
pursued in powder bed and laser 3D printing technologies. Theme “5_9” is food
3D printing, where scientific development drives technological progress, bringing
opportunities in food printing raw material extraction and food/feed 3D print-
ing technologies. Theme “4_6” is laser metal 3D printing, with opportunities
in metal powder materials, laser 3D printing technology, and memory materi-
als, while also potentially borrowing relevant concepts from scientific research
achievements. Theme “5_{13}” is 3D printing equipment quality control and
cloud service systems, where fault diagnosis concepts and security knowledge can
be extracted from scientific research and applied to improve 3D printing equip-
ment quality and perfect cloud service systems. Theme “3_5” is 3D printing
composite materials, where various chemical experiments and material studies
from scientific research can be referenced for innovation and improvement.

3.4 Result Validation

To verify whether the identified opportunities have significant technological po-
tential and whether this potential is largely driven by scientific research, patent
counts for each technology theme from 2013-2019 and the number of patents
with scientific impetus were statistically analyzed, as shown in Figure 6 [Figure
6: see original paper]. The bar charts represent total patent counts in each
theme, while line charts represent patents with scientific impetus.

All themes show rapidly increasing patent trends (bar charts), with scientific
impetus trends also growing rapidly (line charts). The apparent decline in 2019
may be due to the time lag between patent application and publication, result-
ing in incomplete 2019 patent data in the Derwent database. Moreover, the
proportion of patents with scientific impetus (line charts) to total patents (bar
charts) exceeds the majority and shows an upward trend. Overall, these statis-
tics demonstrate that the technology opportunities identified by this method
indeed have technological potential and are largely driven by scientific research,
validating the method’s effectiveness.
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To compare patent growth trends across quadrants, Figure 7 [Figure 7: see orig-
inal paper] shows patent counts and patents with scientific impetus for themes
in Quadrants I, III, and IV from 2013-2019. In Quadrant I, although the propor-
tion of patents with scientific impetus (line charts) is high, total patents (bar
charts) show no clear upward trend, suggesting these themes may be in mature
development stages with limited technology opportunities. In Quadrants III
and IV, the proportion of patents with scientific impetus remains consistently
low, indicating that technology development in these quadrants is less influenced
by scientific research. Quadrant IV also shows no clear upward trend in total
patents, suggesting limited development potential for these technologies under
scientific impetus.

In other scholars’ technology opportunity analyses of 3D printing, Wang Jinfeng
[41] identified optimal technology opportunities including switchable multi-color
printer heads, laser sintering, and composite material combinations through
patent text mining and morphological analysis. Wang Jing’an [14] identified op-
portunities for scientific theory patenting and industrialization from the perspec-
tive of combining papers and patents: changing material properties through di-
rect laser metal sintering and deposition technology, and testing metal material
properties through non-linear modeling and simulation. These results partially
overlap with or contain technical elements from the laser metal 3D printing,
3D printing composite materials, and ceramic 3D printing themes identified in
this paper. However, this paper identifies a broader range and greater number
of technology opportunities, further validating the method’s effectiveness and
advantages from another perspective.

4 Summary and Discussion
This paper introduces a technology opportunity discovery method promoted by
science from the perspective of integrating scientific research and technological
development. The method uses scientific papers and technology patents as data
sources, employs the Doc2vec model to represent both abstracts as vectors in
the same space, constructs a paper-patent association network through cosine
similarity calculation, uses the Louvain algorithm to form science-technology
theme clusters from the network, and identifies technology opportunities as
themes with relatively high scientific impetus but relatively low current technol-
ogy achievements. Technology developers should focus on these opportunities,
drawing theoretical knowledge and relevant concepts from scientific research to
apply to corresponding technological innovations.

In the 3D printing case study, the method effectively formed document vector
representations of papers and patents, constructed paper-patent association net-
works and science-technology theme networks, ultimately identifying technology
opportunities promoted by science. Validation confirmed that the identified op-
portunities possess technological potential, proving the method’s effectiveness.
Unlike previous studies identifying technology opportunities based on paper-
patent relationships, this method does not require manual pairing of science
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and technology themes. It connects papers and patents before theme forma-
tion, reducing partial dependence on subjective judgment, making the process
more automated and refining technology granularity.

This research has some limitations: (1) The cosine similarity threshold for filter-
ing the paper-patent association network is set manually, potentially excluding
some near-threshold but genuinely related connections and causing edge loss in
the network. Future research will design more complete methods for construct-
ing association networks. (2) The relationship between science and technology
is mutual—science drives technology, and technology also pulls science. This
paper only considers the former; future research could consider technology’s pull
on science to mine research opportunities. (3) Adding citation relationships to
the network construction method would increase precision. However, in prac-
tice, because patents cite papers infrequently, the network becomes extremely
sparse, making the impact of citation relationships negligible on text-based net-
works. Currently, only text-based methods are used for network construction.
Future research will attempt to address this issue by appropriately incorporating
citation relationships into text-based networks for optimization. (4) In the in-
novation chain, besides scientific research and technological development, there
is also commercial application, with all three stages interacting. Future tech-
nology opportunity analysis could be extended to the entire innovation chain,
combining multiple stages to identify technology opportunities more compre-
hensively.
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