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Abstract

Large-scale data and algorithmic tools are changing how life science research
problems are organized and redirected. Using bioeconomy research as an em-
pirical window, this study examines the adaptive evolution of research atten-
tion under data-driven conditions. It analyzes 5429 archived model-input rows
from the China National Knowledge Infrastructure and the Web of Science
Core Collection between 2014 and October 2024, and reports revised statistics
for 4937 retained text-year records after an exact-duplicate check. BERTopic
is used to identify thematic structures and trace temporal changes in Chinese-
and English-language corpora, and the observed patterns are interpreted
through complex adaptive systems theory. The results show distinct but inter-
nally concentrated configurations. Chinese research centers on industrial in-
novation and application-oriented issues, while English-language research
centers on the circular bioeconomy. Growth during 2020-2022 is concentrated
mainly in these existing cores. Smaller topics display limited, corpus-specific
variation. Three descriptive comparison windows show thematic persistence
together with localized changes in research attention. The observed patterns
are interpreted through operability boundaries, positive-feedback stabilization,
and window-period acceleration. The study connects topic-level evidence with
changes in the organization of data-driven life science research and identifies
institutional priorities for standards, collaboration, and evaluation.
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1. Introduction

The growing use of large-scale data and algorithmic tools is reshaping how life
science research is organized. As data collection, integration, and computation
become more central to scientific work, research problems are increasingly se-
lected and advanced under conditions defined by data availability, infrastructural
access, and computational feasibility rather than by experimental design alone
(Hey et al., 2009; Leonelli, 2014; Leonelli, 2016). In the accumulated record of
publications, this transformation becomes visible through shifts in research atten-
tion. Certain topics gain temporary centrality, stabilize around shared problem
settings, and are later reorganized as new methods, materials, and external de-
mands enter the research process. Tracing these changes in thematic prominence
therefore offers an empirical way to observe how data-driven conditions alter the
organization of scientific inquiry (Small, 1973).

Bioeconomy-related research provides a useful empirical window for address-
ing this problem. As an interdisciplinary domain built on the development and
use of biological resources and biotechnological innovation, the bioeconomy
spans healthcare, agriculture, forestry, energy, environmental governance, and
new materials (Zheng et al., 2020). Its knowledge base remains closely connected
to life science research, while its expansion across heterogeneous application con-
texts makes it especially suitable for observing how data-driven conditions shape
research attention beyond any single discipline or technical trajectory. Because
many bioeconomy-related studies rely on shared data infrastructures, computa-
tional standards, and increasingly reusable analytical tools, their thematic struc-
ture and temporal evolution make it possible to examine how research priorities
are organized, stabilized, and redirected under changing conditions.

Existing studies have provided important insights into data-driven life science
research, bioeconomy development, and the changing conditions of knowledge
production. However, less attention has been paid to how research attention itself
becomes concentrated at particular moments, how its center of gravity shifts over
time, and how these changes can be identified from the evolving structure of the
literature. A cross-database thematic analysis is useful in this regard because it
makes it possible to observe not only what topics dominate at specific moments,
but also how the structure of research attention is reorganized over time.

Drawing on bioeconomy-related publications indexed in CNKI and the Web of
Science Core Collection from 2014 to 2024, this study uses BERTopic to identify
the thematic structure of Chinese- and English-language literature and to trace
changes in topic prominence over time (Grootendorst, 2022). On this basis, it
compares the structural configurations and period-specific changes of the two
corpora and further interprets the observed shifts through the lens of complex
adaptive systems (Mitchell, 2009; Holland, 1995). The analysis aims to show how
data-driven conditions are reflected in the organization and reorganization of re-
search attention, and to provide a structured account of the evolving dynamics of

life science research across heterogeneous application contexts.
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2. Literature Review

2.1. The Evolution of Bioeconomy Research

Bioeconomy research has developed through several overlapping conceptual
stages. Early discussions were closely tied to concerns about resource limits, eco-
logical boundaries, and the biophysical conditions of economic activity. In this
line of thought, the bioeconomy was not primarily framed as a technological or
industrial strategy, but as a way of rethinking the relationship between economic
systems and biological limits (Georgescu-Roegen, 1975). As life sciences and bio-
technology advanced, however, the meaning of the bioeconomy gradually ex-
panded. The emergence of the knowledge-based bioeconomy reframed the field
around scientific knowledge, technological innovation, and the productive use of
biological resources, shifting attention from ecological constraint alone to the
role of research and innovation in economic transformation (Kircher et al., 2022).
More recently, circular bioeconomy has become one of the dominant formula-
tions in the field, linking biological resource use to circularity, sustainability tran-
sitions, and the reorganization of value chains across sectors (D’Amato et al.,
2017).

This conceptual evolution has been accompanied by a broadening of research
concerns. Recent studies have examined policy narratives, techno-political choices,
sustainability promises, transition pathways, and governance arrangements in the
bioeconomy (Hausknost et al., 2017; Gould et al., 2023; Eversberg et al., 2023;
Khanna et al., 2024; Gottinger et al., 2020). These studies show that the bioecon-
omy is not a single, internally coherent research field. Instead, it is characterized
by the coexistence of multiple application contexts, strategic narratives, and prob-
lem framings. In the Chinese literature, discussion has often focused on develop-
ment strategies, sectoral trends, financing, regional measurement, and industrial
upgrading, reflecting a stronger emphasis on development pathways and imple-
mentation conditions (Deng & Yan, 2001; Deng & Zhang, 2010; Wang et al., 2018;
Wu et al., 2021; Meng & Liu, 2022; Ding et al., 2022). Related work examines pol-
icy responses to global bioeconomy development (Jiang, 2022; Pu et al., 2022) and
pathways to high-quality development in China (Li, 2022). Taken together, these
studies suggest that bioeconomy research has become a heterogeneous and ex-
panding domain in which life science knowledge is continuously reorganized
across diverse application settings. This makes it particularly suitable for observ-
ing how research attention is distributed and reconfigured under data-driven con-
ditions.

At the same time, existing bioeconomy studies remain limited in one important
respect. Much of the literature has focused on concepts, strategies, transition bar-
riers, or sector-specific development patterns, while paying less attention to how
the structure of research attention itself changes over time. Even when recent
work uses bibliometric or review-based approaches, the main concern is often to
summarize themes, trends, or policy agendas rather than to explain how certain

thematic centers emerge, persist, and give way to new configurations (Gould et
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al., 2023). As a result, the literature provides substantial knowledge about what
the bioeconomy is argued to be, but less about how its evolving thematic structure

can be used to observe broader changes in data-driven life science research.

2.2. Explaining Data-Driven Changes in Life Science Research

The transformation of life science research under data-driven conditions has been
examined from several related perspectives. One line of research addresses para-
digm-level change. It argues that the growing centrality of data, computation, and
machine learning is altering the epistemic basis of life science research, reshaping
how problems are framed, how evidence is generated, and how knowledge is or-
ganized (Leonelli, 2014; Leonelli, 2016; Li & Li, 2023). Another line of research
focuses more directly on infrastructural and technical conditions, including large-
scale biological data, computational modeling, intelligent algorithms, digital plat-
forms, and the integration of wet-lab and dry-lab practices (Li & Yu, 2024; Jiang
et al., 2024). A further line, especially in recent philosophical and methodolog-
ical discussions, emphasizes that data-driven research does not simply add new
tools to existing scientific practice, but reorganizes the pathways through which
knowledge is discovered, validated, and circulated (Kitchin, 2014).

These studies have clarified many important aspects of data-driven life science
research. They have shown, for example, how expanding data resources and algo-
rithmic capabilities support new forms of prediction, screening, modeling, and
coordination; how biological databases and platform infrastructures facilitate the
reuse of materials and methods; and how the increasing reliance on computational
procedures changes the relationship between experimentation, inference, and dis-
covery (Callahan et al., 2020; Rigden & Fernandez, 2023; Pardi et al., 2018; Wang
et al., 2023). However, much of this literature remains organized around specific
technologies, application domains, or infrastructures. It is therefore more effec-
tive at explaining how particular tools or systems work than at accounting for how
research attention becomes concentrated, stabilized, and redirected at the level of
the literature as a whole.

This limitation creates a space for a more structural approach. If data-driven
change is reflected not only in new techniques and platforms but also in the or-
ganization of research attention, then thematic evolution in the literature becomes
an important empirical object in its own right. Topic prominence, clustering, and
redirection do not directly identify causal processes, but they do reveal how re-
search priorities become organized across time and across application settings. In
this respect, thematic analysis makes it possible to move from isolated accounts of
technological change to a broader account of how problem spaces are formed, main-
tained, and reorganized under changing conditions. This is the point at which a
complex adaptive systems perspective becomes useful.

Complex adaptive systems theory has its roots in general systems theory and later
work on complexity, feedback, and adaptive change (Von Bertalanffy, 1975; Mitch-
ell, 2009; Holland, 1992). Its relevance here lies in its capacity to relate structural
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persistence and structural change to the interaction between internal accumulation
and external disturbance. Rather than treating thematic evolution as a simple de-
scriptive trend, this perspective draws attention to how research directions become
viable through the formation of workable material and methodological conditions,
how existing thematic centers are reinforced through repeated use and evalua-
tive convergence, and how external pressures can accelerate reorganization when
sufficient internal capacities are already in place. Recent studies have used related
perspectives to discuss bioeconomy governance and transformation pathways, but
they have rarely applied them to the evolution of research attention in data-driven
life science research itself (Holmgren et al., 2022; Ramcilovic-Suominen, 2023).
Taken together, the existing literature provides strong foundations for under-
standing data-driven life science research, bioeconomy development, and adap-
tive system dynamics. Yet two gaps remain. First, current studies do not ade-
quately capture how research attention evolves across heterogeneous application
contexts at the level of thematic structure. Second, they offer only limited expla-
nation of why research priorities become concentrated at specific moments, why
some thematic configurations remain stable, and why key shifts occur in particu-
lar periods. To address these gaps, this study combines cross-database topic anal-
ysis with an interpretive perspective from complex adaptive systems. In doing so,
it seeks to explain not only what thematic changes can be observed in bioecon-
omy-related literature, but also how those changes reflect the evolving organiza-

tion of data-driven life science research.

3. Research Design

3.1. Data Sources

This study draws on bioeconomy-related publications indexed in the China Na-
tional Knowledge Infrastructure and the Web of Science Core Collection between
2014 and October 2024. CNKI uses the Subject field with AE#%%% (bioecon-
omy); the journal branch selects PKU Core, CSCD, CSSCI, and AMI source cate-
gories, and dissertations form a separate branch. The English corpus uses the topic
terms “bioeconomy,” “bio-based economy,” and “bio-economy,” with document
types limited to articles and reviews. The archived model inputs contain 181 CNKI
and 5248 Web of Science rows. Removing identical processed-text and publica-
tion-year repeats leaves 171 and 4766 text-year records for the revised summaries.
The saved topic assignments are retained. Appendix A.1 gives the retrieval speci-
fication and screening counts.

As the two databases differ in coverage, disciplinary emphasis, and publication
conventions, the comparison in this study is not intended to establish one-to-one
equivalence between individual topics across the two corpora. Instead, the com-
parison is used to identify differences in thematic structure and relative changes
in topic prominence over time. This makes it possible to examine how research
attention is organized and adjusted across two heterogeneous but comparable lit-

erature systems. The unequal samples should be interpreted in light of different
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database coverage, language scope, and source eligibility; CNKI applies narrower
journal-source restrictions. Comparisons therefore use within-corpus topic shares,
and the small Chinese sample is not treated as a measure of the overall scale of Chi-

nese bioeconomy research.

3.2. Data Processing and Topic Modeling

The analysis uses the processed abstract-based texts and publication years ar-
chived with the original model inputs. Chinese and English texts were processed
separately to account for linguistic differences. The revision checks identical pro-
cessed text and year, retaining the first occurrence in the archived input order. It
recalculates summaries from the saved assignments without refitting the topic
model; Appendix A.3 specifies the calculation procedure.

For the Chinese corpus, word segmentation was conducted using jieba and a
custom dictionary entry FJ£f4L (sustainable). A stop-word list was then applied
to remove high-frequency function words and general noise terms. For the Eng-
lish corpus, whitespace was normalized and the vectorizer used the scikit-learn
English stop-word option. This separate preprocessing strategy was necessary be-
cause the two corpora differ in tokenization logic, word form variation, and the
distribution of common functional terms.

Topic identification was conducted using BERTopic, a topic modeling ap-
proach that combines semantic embeddings, dimensionality reduction, density-
based clustering, and class-based TF-IDF to generate interpretable topic represen-
tations (Grootendorst, 2022). Text embeddings were generated using the multi-
lingual SentenceTransformer model distiluse-base-multilingual-cased-v1 to sup-
port semantic representation across Chinese and English texts (Reimers & Gurevych,
2019). In the vectorization stage, CountVectorizer was used to construct the term
matrix, and the supplied custom vectorizers used the effective unigram range (1,
1). Dimensionality reduction was performed with UMAP (McInnes et al., 2018),
and topic clusters were identified using HDBSCAN (MclInnes et al., 2017). To en-
hance reproducibility, the UMAP random seed was fixed at 42. The embedding,
UMAP, HDBSCAN, vectorizer, and topic-reduction settings from the original
scripts are listed in Appendix A.2.

Topic labels were checked against the saved top-ten c-TF-IDF terms and 47
selected non-duplicate processed texts, including both dominant topics and all
retained CNKI topic 4 and CNKI topic 5 records. CNKI topic 0 and Web of Sci-
ence topic 0 are broad umbrella clusters. The selection procedure and label-scope

decisions are given in Appendix A 4.

3.3. Analytical Strategy

The analysis proceeds in three steps. First, BERTopic was used to identify topic
clusters in the Chinese and English corpora separately and to generate representa-
tive keywords for each topic. This step provides the basis for describing the the-

matic composition of the two literature systems. Second, topic space distributions
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were examined to identify the relative positions, clustering patterns, and degrees
of separation among topics. Topic space maps are used here to reveal whether
research attention is organized around dominant cores, relatively independent
subclusters, or more continuous semantic groupings. Third, changes in topic
prominence over time were traced through BERTopic’s temporal analysis func-
tion. The archived frequency figures are complemented by calendar-year counts
and normalized topic shares. Annual topic share is calculated by dividing the re-
tained count assigned to a topic by the total retained count for that corpus and
year, including outliers, and multiplying by 100. Counts describe record volume;
shares describe relative attention within each corpus.

The temporal comparison uses three non-overlapping descriptive windows:
2014-2019, 2020-2022, and 2023-October 2024. The 2020 boundary follows the
pandemic-era context, and 2022 is the annual record-count peak in both corpora.
These windows organize the observed series rather than estimate common devel-
opmental stages or change points. The 2024 sample covers a partial year.

The purpose of combining these three steps is not only to describe what themes
appear in the literature, but also to capture how thematic structures are reor-
ganized across time. On this basis, the analysis moves from the empirical descrip-
tion of thematic clustering and topic evolution to an interpretation of the condi-
tions under which particular research directions emerge, stabilize, or gain mo-
mentum. This is the point at which the complex adaptive systems perspective is
introduced, allowing the observed changes in the literature to be interpreted in
relation to internal accumulation, feedback processes, and external disturbance
(Mitchell, 2009; Holland, 1995).

4. Thematic Structure of Bioeconomy Research

4.1. Topic Composition

The BERTopic analysis identified fifteen bioeconomy-related topics across the Chi-
nese and English corpora. Their retained counts, proportions, and representative
keywords are presented in Table 1. In the Chinese corpus, Topic 0, industrial in-
novation and bioeconomy strategy, accounts for 69.17% of the 120 assigned CNKI
records and occupies a clearly dominant position. Topic 1, green biomanufacturing
and forestry utilization, accounts for 13.33%; Topic 3, marine resources and fish-
eries management, accounts for 6.67%. Topic 2, digital integration and biological
data, is a smaller cluster at 4.17%. This distribution suggests that Chinese research
is strongly organized around industrial development, technological application,
and related forms of sectoral expansion. The prominence of these themes is con-
sistent with a research agenda shaped by development-oriented priorities and the
extension of life science knowledge into strategic application domains.

In the English-language corpus, Topic 0, circular bioeconomy, and Topic 1, for-
estry bioeconomy, account for 74.70% and 16.47% of the 3115 assigned Web of
Science records, respectively. Together, these two topics form the central structure

of the international literature. Compared with the Chinese corpus, the English-
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language literature is more strongly concentrated around circularity, biomass use,
and sustainability-related concerns. At the same time, the persistence of forestry
as a relatively large and distinct topic suggests the continued importance of spe-
cialized research traditions within the broader bioeconomy agenda. This indicates
that the international literature is structured around a dominant sustainability-
oriented core while also retaining established application domains with their own

cumulative research trajectories.

Table 1. Topic composition and main topic words of retained records.

Assigned
Source Topic ID Count g Topic label Main topic words
share (%)
Industrial innovation and bioeconomy . . .

0 83 69.17% technology, innovation, industry, strategy

strategy

Green biomanufacturing and forestry .
1 16 13.33% . green, manufacturing, forest, forestry
utilization
Digital integration and
2 5 4.17% 8 . .g digital, diversity, integration, data
CNKI biological data
Marine resources and fisheries . . .
3 8 6.67% policy, squid, fishing, resources
management
4 5 4.17% Biopharmaceutical R&D facilities experiment, animal, antibody, R&D
Bioeconomic population and harvesting .

5 3 2.50% capture, refuge, population, system

models

. . biomass, sustainable, circular,
0 2327 74.70% Circular bioeconomy .
environmental
1 513 16.47% Forestry bioeconomy forest, wood, policy, forestry
Bio-based materials and agricultural . .

2 96 3.08% . olive, oil, film, palm

residues
3 64 2.05% Biomass conversion and biocatalysis lignin, fiber, chemistry, biocatalysis

WoS 4 38 1.22% Coffee-residue valorization coffee, scg, spend, ground
5 24 0.77% Digital governance and biosecurity digital, cyber, risk, vulnerability
Socio-bioeconomic imaginaries and argentina, imaginary, bioeconomic,
6 22 0.71% . o, ;
biopolitics reproductive

7 17 0.55% Grape and winery resources grape, wine, winery, pomace
8 14 0.45% Reproductive labor and egg donation egg, donation, reproductive, donor

Note. WoS denotes Web of Science. Shares use assigned-record denominators of 120 for CNKI and 3115 for Web of Science. Outliers
account for 51 of 171 and 1651 of 4766 retained records, respectively. Annual shares in Table 2 and Appendix B use all retained

records, including outliers.

Taken together, the topic proportions reveal both convergence and divergence.
In both corpora, research attention is concentrated in a small number of high-
weight topics rather than evenly distributed across many themes. However, the
Chinese corpus is more strongly centered on industrial innovation and applica-

tion-oriented development, whereas the English-language corpus is more strongly
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centered on circularity and resource transformation. This difference suggests that
data-driven life science research is not organized around a single global thematic
structure. Instead, its thematic emphasis is shaped by different problem settings

and application priorities across literature systems.

4.2. Topic Space Distributions

Topic space maps provide a visual representation of the relative positions of
themes in semantic space. In these maps, proximity indicates stronger semantic
similarity, while more distant positions suggest clearer thematic boundaries. The
Chinese topic space distribution, shown in Figure 1, presents a pattern character-
ized by a dominant central topic together with several relatively separated the-
matic clusters. Topic 0, industrial innovation and bioeconomy strategy, occupies
the core position and covers a broad semantic area, indicating strong associations
with multiple other research directions. Topic 2, digital integration and biological
data, is located relatively close to this central cluster, and the partial continuity
between them suggests that digital technology-related discussions are semanti-
cally linked to industrial innovation narratives. By contrast, topics such as green
biomanufacturing, marine resources and fisheries, biopharmaceutical R&D facil-
ities, and population and harvesting models form more distinct clusters located at
some distance from the central core. This pattern indicates that although these
themes remain connected to the broader field, they retain clearer boundaries in
terms of research objects, problem framings, or methodological language.

The English-language topic space distribution, shown in Figure 2, is closer to a
structure composed of a large main cluster and a smaller number of relatively inde-
pendent subclusters. Topic 0, circular bioeconomy, forms a broad and continuous
semantic region, within which several more specific themes are embedded. This sug-
gests that circularity-related narratives possess stronger integrative capacity in the
international literature, enabling a wider range of themes to be organized around a
common semantic core. Topic 1, forestry bioeconomy, appears as a relatively distinct
subcluster, but it is not fully detached from the main cluster. This indicates that for-
estry remains a specialized domain with its own research continuity while still main-
taining semantic links to the dominant circular bioeconomy framework.

The comparison between Figure 1 and Figure 2 points to a notable structural
difference. In the Chinese corpus, the thematic center is more sharply defined and
surrounding themes are more clearly segmented. In the English-language corpus,
the dominant thematic core is more continuous and capable of incorporating ad-
jacent directions into a larger semantic grouping. The first pattern can be de-
scribed as a more centralized and segmented organization of research attention,
while the second is closer to a dominant core with semantically connected exten-
sions. These differences matter because they show that topic prominence alone is
not sufficient to describe the structure of research attention. Thematic organiza-
tion also depends on how topics are clustered, how close or distant they are from
one another, and whether a dominant theme functions as a narrow center or as a

wider integrating framework.
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Dimension 2

Chinese Topic Space Distribution Map
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Figure 1. Topic space distribution of chinese bioeconomy research. Topic IDs follow Table 1; the original point
coordinates are retained and plotting labels are corrected.
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1 Forestry bioeconomy
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7 Grape and winery resources

8 Reproductive labor and egg donation

Figure 2. Topic space distribution of English-language bioeconomy research. Topic IDs follow Table 1; the original
point coordinates are retained and plotting labels are clarified.

DOI: 10.4236/js5.2026.1410025

536

Open Journal of Social Sciences


https://doi.org/10.4236/jss.2026.1410025

H. M. Jin, J.H. Li

4.3. Temporal Evolution of Research Attention

Figure 3, Figure 4 retain the archived model-input frequency values. Their year
labels identify the publication-year groups represented by the saved time bins. Ta-
ble 2 reports calendar-year totals and selected topic counts and shares after the
exact-duplicate check; Appendix B provides annual shares for all named topics.
These normalized values provide the basis for interpreting relative attention.

During 2014-2019, English output grows from 36 to 321 retained records, while
circular bioeconomy remains the largest named topic. Its annual share changes
from 38.89% to 45.79%, with fluctuations between those years. Chinese annual
totals remain small, ranging from 6 to 14 records. Research attention is organized
around persistent broad cores with variable annual shares.

During 2020-2022, English output increases from 533 to 936 records. Web of
Science topic 0 rises from 255 to 479 records, while its share changes from 47.84%
to 51.18%. Chinese CNKI topic 0 contains 12, 7, and 24 records, with shares of
75.00%, 35.00%, and 52.17%. Growth is mainly associated with existing industrial-
strategy and circular-bioeconomy themes. Web of Science topic 5, digital govern-
ance and biosecurity, contains 4, 4, and 3 records, with shares of 0.75%, 0.49%,
and 0.32%. Chinese CNKI topic 4 concerns R&D facilities and contains 1, 0, and
0 records. These series do not establish a shared concentration around emergency

public health or biosecurity.

Table 2. Annual totals and selected topic counts and shares.

Industrial Digital WoS Circular  Digital governance

Year (E(III:JI innovation  integration 0: al bioeconomy and biosecurity
n (%) n (%) n (%) n (%)
2014 14 3 (21.43%) 0 (0.00%) 36 14 (38.89%) 0 (0.00%)
2015 8 3 (37.50%) 0 (0.00%) 63 40 (63.49%) 0 (0.00%)
2016 6 4 (66.67%) 0 (0.00%) 82 34 (41.46%) 0 (0.00%)
2017 6 3 (50.00%) 0 (0.00%) 161 82 (50.93%) 0 (0.00%)
2018 11 4 (36.36%) 0 (0.00%) 254 118 (46.46%) 2 (0.79%)
2019 12 4(33.33%) 0 (0.00%) 321 147 (45.79%) 5 (1.56%)
2020 16 12 (75.00%) 0 (0.00%) 533 255 (47.84%) 4 (0.75%)
2021 20 7 (35.00%) 0 (0.00%) 809 408 (50.43%) 4 (0.49%)
2022 46 24 (52.17%) 1(2.17%) 936 479 (51.18%) 3(0.32%)
2023 19 15 (78.95%) 0 (0.00%) 902 427 (47.34%) 2 (0.22%)
2024 13 4(30.77%)  4(30.77%) 669 323 (48.28%) 4 (0.60%)

Note. N(y) includes all retained records in the corpus and year, including outliers. Topic
IDs and full names are given in Table 1. *2024 is incomplete; the original manuscript rec-
ords coverage through October 2024. Figure 3, Figure 4 retain archived model-input fre-
quencies; this table reports retained text-year records after the exact-duplicate check. Ap-
pendix B gives annual shares for all named topics.
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Chinese Topic Time Trend Chart
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Figure 3. Temporal trends of chinese research topics. Archived frequency values and time-bin coordinates
are retained; year labels identify their corresponding publication-year groups. The incomplete 2024 group
is marked with an asterisk. Calendar-year counts and within-corpus shares after the exact-duplicate
check are reported in Table 2 and Appendix B; relative attention is interpreted from those normalized

values.
English Topic Time Trend Chart
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3 Biomass conversion and biocatalysis 8 Reproductive labor and egg donation
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Figure 4. Temporal trends of English-language research topics. Archived frequency values and time-
bin coordinates are retained; year labels identify their corresponding publication-year groups. The
incomplete 2024 group is marked with an asterisk. Calendar-year counts and within-corpus shares after
the exact-duplicate check are reported in Table 2 and Appendix B; relative attention is interpreted from

those normalized values.
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English Web of Science topic 0 remains prominent in 2023 and the partial 2024
sample, accounting for 47.34% and 48.28%, respectively. The Chinese digital-in-
tegration topic CNXKI topic 2 contains one record in 2022, none in 2023, and four
of thirteen retained records in the partial 2024 sample. This is a localized digital
theme whose small sample requires a limited interpretation.

The temporal analysis shows persistent dominant topics alongside selected
changes in smaller topics. Annual shares distinguish growth in output from changes
in relative attention. The three comparison windows organize these patterns de-
scriptively, providing a bounded empirical basis for the complex adaptive systems

interpretation.

5. Adaptive Mechanisms of Thematic Evolution

The empirical results presented above show that thematic evolution in bioecon-
omy-related literature does not follow a smooth and linear path. Research atten-
tion becomes concentrated around a small number of themes, some of these the-
matic centers remain stable for extended periods, while smaller themes show lo-
calized variation. Topic space distributions reveal the structural side of this pro-
cess, while temporal trends reveal persistence and selected changes. The remain-
ing question is how these observed patterns can be interpreted in relation to the
changing organization of data-driven life science research. Drawing on a complex
adaptive systems perspective, this study interprets thematic evolution through
three mechanisms: operability boundaries, positive-feedback stabilization, and
window-period acceleration. Together, these mechanisms provide an interpretive
account of how research directions become viable, how they are reinforced over
time, and how external disturbances can trigger rapid reorganization when suffi-

cient internal capacities are already in place (Mitchell, 2009; Holland, 1995).

5.1. Operability Boundaries

The first mechanism concerns the conditions under which a research direction
becomes workable enough to support sustained accumulation. Not every emerg-
ing topic can become a durable center of attention. For this to happen, a field must
possess a sufficiently stable combination of data sources, analytical tools, valida-
tion procedures, and material inputs that allows researchers to organize work
around a shared problem space. This is what is meant here by operability bound-
aries. They define the conditions under which a topic becomes not merely imagi-
nable, but practically researchable in a repeatable and expandable way. Once such
conditions are in place, dispersed problem-solving activities can begin to converge
around common materials and methods, making thematic concentration more
likely.

Developments in protein structure research illustrate this mechanism clearly.
The increasing use of predictive tools such as AlphaFold changed the way struc-
tural information entered the research process. Once structure prediction reached

a level of performance that made it usable as a routine research input, structure
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no longer had to depend exclusively on the specialized experimental capabilities
of a relatively small number of laboratories. The establishment and expansion of
the AlphaFold Protein Structure Database, which provides open access to struc-
ture predictions for more than 214 million protein sequences, further transformed
structural information into a widely accessible and reusable input for downstream
research (Jumper et al., 2021; Varadi et al., 2024). AlphaFold2-based methods
have also been applied to predicting protein-protein interactions, extending the
use of a common predictive framework to protein complexes (Bryant et al., 2022).
This did not simply accelerate existing work. It altered the threshold of entry into
the research process and enabled more researchers to work on related problems
through a shared computational interface. As predicted structures became more
searchable, reusable, and easier to integrate into larger inference sequences, related
lines of inquiry were more likely to converge around them. In thematic terms, this
is the kind of condition under which a high-weight topic can form and begin to
occupy a central position.

From this perspective, topic concentration is not adequately explained by sci-
entific or technological importance alone. Themes rise when the conditions for
organizing continuous work around them become available. In data-driven life
science research, those conditions increasingly depend on whether data can be
standardized and reused, whether model outputs can be integrated into broader
research workflows, and whether validation procedures are stable enough to sus-
tain further accumulation. Operability boundaries therefore explain why certain
research directions become thematic centers while others remain fragmented or

peripheral.

5.2. Positive-Feedback Stabilization

The second mechanism concerns the persistence of thematic centers once they
have formed. The results in the previous section show that some topics maintain
high prominence over extended periods rather than disappearing after short
bursts of attention. This suggests that once a workable thematic center emerges, it
can be reinforced through repeated use, cumulative referencing, coordinated di-
vision of labor, and converging standards of evaluation. This reinforcing process
is described here as positive-feedback stabilization. Under such conditions, past
accumulation lowers the cost of subsequent work, making it easier for researchers
to continue moving along existing paths than to construct entirely new ones.

The case of forestry bioeconomy and related governance arrangements offers a
useful example. Research on the Swedish forest bioeconomy has shown that in-
dustrial organizations, forest-owner associations, regional institutions, and research
actors can become linked through relatively stable governance and resource chan-
nels, with policy interfaces and shared narratives reinforcing the field’s continuity
(Holmgren et al., 2022). Stability in such a system does not simply mean that ac-
tors remain connected. It also means that the categories through which work is

evaluated, coordinated, and legitimated become more aligned over time. In a
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related way, biofoundry research demonstrates how repeated standardization of
workflows, data recording, and iterative model use can strengthen reproducibility
and cross-team transferability, thereby increasing the durability of certain re-
search trajectories (Kim et al., 2025). Once data formats, procedures, and evalua-
tive expectations become sufficiently consistent, thematic centers are not repro-
duced by attention alone. They are reproduced through the infrastructural and
organizational conditions that make continued work within them comparatively
efficient and credible.

Positive-feedback stabilization helps explain why certain high-weight topics re-
main central for relatively long periods. It is not only that they are important. It is
also that they become easier to continue. Reusable data, standardized workflows,
familiar problem framings, and relatively settled evaluative criteria all reinforce
the existing structure of research attention. In this sense, thematic stability reflects
not mere inertia, but an actively reproduced alignment between methods, infra-

structures, and organizational expectations.

5.3. Window-Period Acceleration

The third mechanism explains why major shifts in research attention occur ab-
ruptly in particular periods rather than through gradual redistribution alone. Ex-
ternal pressures do not create new thematic centers from nothing. However, they
can sharply accelerate reorganization when research systems already possess la-
tent capacities that can be activated, scaled, and redirected under time pressure.
This process is described here as window-period acceleration. It refers to the con-
centration of resources, urgency, and expected returns within a limited period,
such that a topic can rise rapidly and restructure the thematic field around it.

The rapid development of mRNA vaccines during the COVID-19 period illus-
trates this mechanism. Their acceleration did not result from emergency condi-
tions alone. It depended on prior accumulations in nucleotide modification, lipid
nanoparticle delivery, prototype pathogen preparedness, and related sequence-
based design strategies that had already been developed over many years (Pardi et
al., 2018; Corbett et al., 2020). When SARS-CoV-2 sequence information became
available, Moderna was able to move from sequence release to phase I clinical
testing of mRNA-1273 within 66 days (Corbett et al., 2020; National Institutes of
Health, 2020), while large-scale organizational initiatives such as Pfizer’s “Project
Lightspeed” compressed production timelines even further. The subsequent pub-
lication of strong clinical evidence for the safety and efficacy of mRNA vaccines
helped transform short-term emergency mobilization into a more stable expecta-
tion of continued investment and research continuity (Baden et al., 2021; Polack
et al., 2020). In thematic terms, this is the kind of process through which an ex-
ternal disturbance can rapidly reorder research attention, not because it generates
a wholly new direction, but because it activates an already prepared combination
of data, methods, infrastructures, and organizational capabilities.

The mRNA vaccine case illustrates how external pressure can accelerate work
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by activating capacities accumulated in advance. Its role here is to clarify the pro-
posed mechanism of window-period acceleration. The topic series show growth
around existing broad cores during 2020-2022, with limited variation in smaller
topics. The illustrative case supports the mechanism discussion; the corpus anal-
ysis establishes thematic persistence and local variation rather than a common
crisis-driven sequence.

Taken together, these three mechanisms provide an interpretation of thematic
evolution that is more specific than a generic claim about complexity. Operability
boundaries explain how research directions become viable centers of work. Posi-
tive-feedback stabilization explains how such centers persist through cumulative
reinforcement. Window-period acceleration explains how external pressure can
trigger rapid reorganization when internal capacities are already in place. Read
together, they show that the thematic evolution of bioeconomy literature reflects
broader changes in the organization of data-driven life science research. The lit-
erature does not merely record shifting interests. It records the changing condi-
tions under which certain forms of inquiry become possible, sustainable, and ex-

pandable.

6. Discussion and Conclusion

The analysis shows that bioeconomy-related literature provides a useful win-
dow onto the evolving organization of data-driven life science research. Across
the Chinese and English corpora, research attention is concentrated in a limited
number of high-weight topics rather than evenly dispersed across many direc-
tions. At the same time, the two corpora display different thematic centers. Chi-
nese-language research is more strongly organized around industrial innovation
and application-oriented agendas, whereas English-language research is more
strongly centered on circular bioeconomy themes and related sustainability con-
cerns. These differences indicate that data-driven life science research does not
develop through a single globally uniform thematic structure. Instead, it is orga-
nized through distinct but internally clustered configurations shaped by different
application contexts and problem settings.

The temporal analysis identifies persistent broad cores together with localized
changes in smaller topics. Publication-record growth during 2020-2022 is mainly
associated with industrial-strategy and circular-bioeconomy themes. Annual shares
distinguish this output growth from changes in relative attention. The incomplete
2024 observations are reported descriptively and do not establish a new develop-
mental stage. The three descriptive comparison windows organize these observa-
tions, while complex adaptive systems theory offers an interpretation of thematic
persistence and possible routes of adaptation.

The complex adaptive systems perspective helps interpret these changes in a
more structured way. The three proposed mechanisms specify conditions under
which thematic centers may emerge and change; they are interpretive proposi-

tions rather than causal effects estimated from the topic series. Operability bound-
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aries explain how certain research directions become viable through the availabil-
ity of reusable data, analytical tools, and workable validation paths. Positive-feed-
back stabilization explains how thematic centers persist through repeated use, ac-
cumulated coordination, and increasingly aligned evaluative expectations. Win-
dow-period acceleration explains how external disturbances can rapidly amplify
themes that already rest on sufficiently mature internal capacities. Taken together,
these mechanisms suggest that thematic evolution in the literature reflects a dy-
namic relationship between internal accumulation and external pressure rather
than a simple sequence of topic replacement.

The study also has implications for how data-driven life science research may
be understood more broadly. Existing discussions often focus either on specific
technological systems or on general claims about paradigm change. The present
analysis suggests that an intermediate level of observation is equally important:
the organization of research attention in the literature. By tracing thematic con-
centration, stability, and redirection across two databases, this study shows how
literature-based evidence can help connect paradigm-level claims to observable
changes in research organization. In this respect, the contribution of the study lies
not only in mapping bioeconomy research, but also in showing how cross-data-
base thematic analysis can be used to examine the evolving structure of data-driven
scientific inquiry.

These findings also suggest three practical priorities for research policy. First,
data definitions and processing standards should be institutionally coordinated so
that distributed resources can produce comparable and cumulative outputs across
teams. Second, executable rules for benefit sharing and the allocation of responsi-
bility should convert cross-organizational connections into durable divisions of
labor. Third, data contributions, method development, and critical intermediate
outputs should be incorporated into formal evaluation systems. These measures
would improve the research community’s capacity to mobilize when external op-
portunities arise and help translate temporary concentrations of resources into
longer-term research capabilities.

Several limitations should be noted. First, the analysis is based on titles and ab-
stracts rather than full texts, which means that some thematic distinctions are nec-
essarily coarser than those that might emerge from full-document analysis. Sec-
ond, although CNKI and the Web of Science Core Collection provide broad cov-
erage, differences in indexing practices, disciplinary scope, and publication con-
ventions shape the resulting corpora and constrain direct equivalence between
them. The Chinese corpus is small, especially at the annual and minor-topic levels,
and 2024 is only partially observed. The retained text-year records are not a census
of all publications, so absolute corpus sizes are not directly compared. The original
partitions remain fixed after the exact-duplicate check and may retain effects of
repeated inputs on clustering. Third, thematic evolution does not by itself estab-
lish causal explanation. The interpretive framework proposed here provides plau-

sible mechanism-based readings of observed patterns, but further work is needed
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to connect topic shifts more systematically to specific events, infrastructures, or-
ganizational networks, and methodological changes. Future research could there-
fore combine topic modeling with citation networks, collaboration structures,
funding sources, or event-sequence analysis to strengthen the explanatory linkage

between thematic change and the reorganization of data-driven research.
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Appendix A. Retrieval and Reproducibility Details

Retrieval Specification and Record Screening

The retrieval specification below reconstructs the scope documented for the
original collection. It defines the search fields, concepts, eligibility filters, and ob-
servation period. The original manuscript records a cutoff of October 2024.
Screening counts start from the archived processed inputs used by the saved
model (Table Al).

CNKI: Subject = 444 35F; publication years 2014-2024 through the cutoff.
The journal branch selects PKU Core, CSCD, CSSCI, and AMI source categories;
dissertations are a separate branch. Web of Science Core Collection: TS = (bioe-
conomy OR “bio-based economy” OR “bio-economy”) AND PY = (2014-2024),
with Article and Review selected using the document-type filter. The archived
English inputs comprise a base bioeconomy workbook and four technology-
tagged workbooks. The core expression specifies the documented scope rather

than a preserved export of every executed query.

Table Al. Archived input screening.

Screening item CNKI Web of science

Archived model-input rows 181 5248

Identical processed-text and

year repeats removed 10 482
Retained text-year records 171 4766
Assigned to named topics 120 3115

Outliers (topic —1) 51 1651

An exact duplicate is a row with the same processed text and publication year
as an earlier archived row. The first occurrence is retained together with its saved
topic assignment. This rule identifies repeated inputs at the text-year level; the
resulting counts are not identifier-verified unique-publication totals. One CNKI
and 38 Web of Science duplicate groups contain different saved assignments. The
first-occurrence rule makes their treatment deterministic, while retaining the
original partition means that duplication may have influenced the fitted cluster-
ing.

Original Modeling Settings

Both scripts use SentenceTransformer distiluse-base-multilingual-cased-v1.
The Chinese tokenizer uses jieba, removes the supplied stop words, retains trimmed
tokens longer than one character, and adds the custom dictionary entry AJ %
4 (sustainable). The English vectorizer uses the scikit-learn English stop-word
option. The supplied custom vectorizers have the effective unigram range (1, 1);
the BERTopic configuration value (1, 2) does not override that vectorizer. The

settings are summarized in Table A2.

DOI: 10.4236/jss.2026.1410025

548 Open Journal of Social Sciences


https://doi.org/10.4236/jss.2026.1410025

H. M. Jin, J.H. Li

Table A2. Settings recorded in the original modeling scripts.

Component Chinese corpus English corpus

n_neighbors=15;

n_components=2;
UMAP min_dist=0.1;
metric=cosine;

Same settings

random_state=42

min_cluster_size=3; . .

; min_cluster_size=10;

min_samples=2; B

) . min_samples=5;
metric=euclidean;

HDBSCAN . metric=euclidean;
cluster_selection_method=leaf; .
e cluster_selection_method=eom;
prediction_data=True; o
. prediction_data=True
gen_min_span_tree=True
max_features=10000;
) max_features=10000;
min_df=1; max_df=0.95; .
. . ) min_df=2; max_df=0.95;
CountVectorizer jieba tokenizer; .
] stop_words=english;
supplied stop words;
ngram_range=(1,1)
ngram_range=(1,1)
nr_topics=auto; nr_topics=auto;
min_topic_size=3; min_topic_size=10;
BERTopic P P

top_n_words=10; top_n_words=10;

calculate_probabilities=True calculate_probabilities=True

. . If topic-info rows exceed 11, If topic-info rows exceed 15,
Topic reduction

reduce to nr_topics=7 reduce to nr_topics=10

Reproduction of the Revised Statistics

The revised summaries use the archived aligned records, publication years,
saved topic assignments, and their original row order. Apply the exact-text/year
rule in A.1, group retained assignments by corpus, topic and calendar year, and
divide each topic count by the total retained corpus count for that year. Annual
denominators include topic —1. For Table 1, divide topic counts by the number
assigned to named topics. These operations reproduce the revised summaries with-
out embedding, dimensionality reduction, clustering, or topic reduction being fit-
ted again.

The calculation package contains data/cnki_aligned_records.json, data/wos_
aligned_records.json, saved topic assignments, the matched original scripts, chi-
nese_custom_dictionary.txt, chinese_stopwords.json, recalculate_results.py, re-
calculated/results.json, and recalculated/label_audit.json. Its recorded calculation
environment is Python 3.12.14, numpy 2.3.5, pandas 2.2.3, matplotlib 3.10.8, and
scikit-learn 1.8.0. These versions identify the revision calculations; the historical
model-training package versions are not recorded. The archived assignments pro-
vide the fixed reference for reproducing the reported tables.

Figure 1, Figure 2 retain their original document-point coordinates. Figure 3,
Figure 4 retain the saved frequency values and time-bin coordinates, with tick

labels identifying the corresponding publication years. Topic names are corrected
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by saved topic ID. The figures are re-exported from archived plotting data with
readable labels and vector artwork. Calendar-year statistics for retained records
are reported in Table 2 and Appendix B.

Topic Label Check

For each topic, the saved top-ten c-TF-IDF terms were compared with the pro-
cessed text having the strongest top-word-weight match and distinct texts from
the earliest and latest available years. All five retained CNKI topic 4 texts and all
three CNKI topic 5 texts were checked. The resulting 47 selected texts are recorded
with source file, source row, year, and saved topic ID in label_audit.json. This is a
targeted semantic check of label coverage rather than an independent estimate of
cluster purity or inter-coder agreement.

CNKI topic 0 covers industrial innovation and bioeconomy strategy, while Web
of Science topic 0 covers a broad circular-bioeconomy agenda. The smaller-topic
labels are constrained to their textual coverage: CNKI topic 4 describes biophar-
maceutical R&D facilities; CNKI topic 5 describes bioeconomic population and
harvesting models; Web of Science topic 5 combines digital governance and bi-
osecurity; Web of Science topic 7 concerns grape and winery resources; and Web
of Science topic 8 concerns reproductive labor and egg donation. Table 1 and the

figure labels use these interpretations consistently.

Appendix B. Annual Topic Shares

The following tables report percentages of all retained records in each corpus and
year, including outliers in the denominator. Annual totals N(y) appear in Table
2. A count can be recovered by multiplying the annual total by its reported per-
centage, dividing by 100, and rounding to the nearest record. Topic IDs refer to
Table 1, and -1 denotes outliers. ¥*2024 is incomplete; the cutoff recorded in the
original manuscript is October 2024. Annual shares appear in Table B1, Table B2.

Table B1. CNKI annual shares (%).

Year Outliers 0 1 2 3 4 5

2014 35.71 21.43 7.14 0.00 21.43 0.00 14.29
2015 37.50 37.50 0.00 0.00 12.50 12.50 0.00
2016 16.67 66.67 0.00 0.00 16.67 0.00 0.00
2017 33.33 50.00 16.67 0.00 0.00 0.00 0.00
2018 18.18 36.36 18.18 0.00 0.00 18.18 9.09
2019 50.00 33.33 0.00 0.00 8.33 8.33 0.00
2020 12.50 75.00 0.00 0.00 6.25 6.25 0.00
2021 30.00 35.00 35.00 0.00 0.00 0.00 0.00
2022 39.13 52.17 6.52 2.17 0.00 0.00 0.00
2023 15.79 78.95 5.26 0.00 0.00 0.00 0.00
2024* 23.08 30.77 7.69 30.77 7.69 0.00 0.00
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Table B2. Web of science annual shares (%).

Year Outliers 0 1 2 3 4 5 6 7 8

2014 38.89 38.89 2222 000 0.00 0.00 0.00 0.00 0.00 0.00
2015 2540 6349 635 000 317 0.00 0.00 159 0.00 0.00
2016 3537 4146 20.73 122 122 0.00 0.00 0.00 0.00 0.00
2017 24.84 5093 18.63 186 248 0.00 0.00 124 0.00 0.00
2018 34.65 4646 13.78 197 197 000 079 0.00 0.39 0.00
2019 37.07 4579 1215 093 156 031 1.56 0.00 0.00 0.62
2020 3546 47.84 11.82 131 056 094 075 019 038 0.75
2021 3399 5043 10.88 124 136 0.62 049 049 049 0.00
2022 33.65 51.18 10.04 160 096 118 032 075 021 0.11
2023 36.03 47.34 942 288 155 122 022 055 044 033
2024* 36.02 48.28 747 389 149 075 060 030 0.60 0.60
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