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Abstract

Purpose/Significance: Research on emerging topic identification that scien-
tifically and effectively uncovers the correlation patterns of their characteristics
can better serve practical needs while leveraging the innovative supporting func-
tion of scientific and technological intelligence research in disciplinary develop-
ment.

Methods/Process: Beginning with the definition of emerging topic charac-
teristics and integrating relevant theories and practices from emerging topic
research and scientific impact evaluation, we establish a methodological frame-
work for emerging topic identification that employs natural language processing,
global principal component analysis, and time series analysis methods. This
framework quantifies features such as topic consistency, novelty, impact, and
growth, thereby completing the extraction, analysis, and identification of emerg-
ing topics in conjunction with trend forecasting. Building upon this foundation,
we deeply explore the developmental patterns of emerging topics in the tar-
get field by employing Granger causality tests and cointegration analysis to
conduct long-term equilibrium tests and causal relationship inferences regard-
ing their characteristic correlation effects, analyzing the long-term correlation
factors that influence emerging topic development and their functional relation-
ships.

Results/Conclusion: We propose a comprehensive methodological suite for
emerging topic identification and analysis of their correlated characteristics. To
verify the feasibility and effectiveness of this approach, we select the wetland
field for empirical research. By integrating topic identification with character-
istic correlation effect analysis, we depict the dynamic development path of
scientific impact for topics in this field and propose construction considerations
for emerging topics from the perspective of correlated characteristics.
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Abstract:

[Purpose/Significance] Conducting research on emerging research topic (ERT)
identification and scientifically discovering their characteristic correlation pat-
terns can better serve practical needs and leverage the innovative supporting role
of scientific and technological information research in disciplinary development.
Aiming to discover emerging research topics and their characteristic correlation
effects scientifically and effectively, this paper carries out ERT identification
and feature analysis while realizing the innovative supporting role of sci-tech
information work. [Method/Process] Starting from the definition of emerging
topic characteristics, and combining relevant theories and practices from emerg-
ing topic research and scientific impact assessment, this study establishes a
methodological framework for emerging topic identification using natural lan-
guage processing, global principal component analysis, and time series analysis.
It quantifies features such as topic consistency, novelty, influence, and growth,
and completes the extraction, analysis, and identification of emerging topics
through trend forecasting. On the basis of emerging topic identification, the
study deeply mines the development patterns of emerging topics in the target
field, using Granger causality tests and cointegration analysis to conduct long-
term equilibrium tests and causal relationship inference on their feature associ-
ation effects, analyzing the long-term correlation factors influencing emerging
topic development and their relationships. [Result/Conclusion] The study pro-
poses a set of methods for emerging topic identification and analysis of their
associated features. To verify the feasibility and effectiveness of the method,
the wetland field is selected for empirical research. Combined with topic identi-
fication and feature association effect analysis, the dynamic development path
of the scientific impact of topics in this field is depicted, and considerations
for emerging topic construction are proposed from the perspective of associated
features.

Keywords: trend forecasting; emerging research topic identification; charac-
teristic correlation effect; cointegration analysis; panel data analysis
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2. Background and Significance

With the rise of the fourth paradigm of scientific research, data-driven scientific
inquiry is sinking from the knowledge layer to the data layer, and the formula-
tion of scientific and technological development plans and related policies needs
to keep pace with research dynamics. As an important carrier of knowledge flow,
literature is a crucial data source for identifying disciplinary topics. Faced with
massive textual data, how to scientifically and effectively discover emerging re-
search topics from it serves as an important reference basis for research managers
and researchers to layout and adjust research directions. At the same time, dis-
ciplinary topic development has “inertia” and “correlation/continuity,” meaning
that the temporal sequence changes and development of disciplinary topics are
continuous and interconnected, with predictable development patterns within a
certain period. The identification and trend prediction of emerging topics can
help researchers understand research dynamics, assist funding organizations and
decision-makers in optimizing the allocation of innovative resources, and further
promote the development of research directions with growth potential.

Similar concepts to emerging topics abound, such as hot topics, frontier topics,
and disruptive topics, which have evolved into concepts like general innovative
topics, emerging frontier topics, and scientific frontiers, often leading to blurred
conceptual boundaries in research and application. H. Xu et al. measured the
research heat and development trends of the “emerging topic” concept family,
pointing out that differences and intersections exist among the concepts, and
that compared to frontier topics and disruptive topics, scholars’ research interest
in emerging topics is growing faster. The differences among emerging topic-
related concepts are mainly reflected in the temporal dimension and innovation
dimension. Hot topics, emerging topics, and frontier topics represent important
research topics of the past, present, and future, respectively, with their degree
of innovation gradually increasing over time and the difficulty of prediction also
increasing.

In terms of emerging topic identification methods, scholars primarily utilize re-
lated techniques such as co-word analysis, citation analysis, and text mining
analysis to extract and identify emerging topics from scientific literature. In
recent years, discussions on emerging topic features have become increasingly
common, with most scholars focusing on external historical features of literature,
such as the historical evolution of textual topics and citation patterns, while
paying less attention to future development trends. Wang Shan believes that
emerging topics represent future trends in research fields, and their trend anal-
ysis and interpretation are particularly important. As related research interest
continues to grow, identification methods are becoming increasingly diversified
and scientific. However, there remains a lack of good connection between clear
conceptual definitions of emerging research topics and proposed operational in-
dicators. Therefore, how to mine the association relationships between emerging
topics and their features, adopt effective feature schemes, and extract long-term
correlation variables through constructing scientifically rigorous prediction mod-
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els and using appropriate analytical methods can provide some references for
emerging topic identification.

3. Emerging Topic Identification Method Framework

The emerging topic identification and analysis framework proposed by the au-
thor mainly consists of four parts (see Figure 1 [Figure 1: see original paper]).
For textual data, LDA topic identification is used to generate topic time series,
which are combined with ARIMA models and global principal components to
quantify topic features and construct an emerging topic identification scheme.
On the basis of emerging topic identification, panel cointegration analysis and
Granger causality inference are comprehensively employed to mine the long-
term relationships and association effects among observed variables, analyzing
the long-term association relationships between emerging topics and their fea-
tures.

3.2 Quantitative Indicators for Emerging Topic Features

3.2.1 Future High Growth Potential Future high growth potential refers
to topics having good development potential in the future. This study primarily
uses the ARIMA model to predict future trends based on topic intensity data.
The ARIMA (p,d,q) model includes an AR process, MA process, and differencing
integration process, with three main parameters: p is the number of autoregres-
sive terms, d is the order of differencing for stationarity, and q is the number
of moving average terms. The ARIMA model can be expressed as: MATH_ 1

3.2.2 Novelty The measurement of novelty is a key part of identifying novel
topics. Y. N. Tu et al. used publication time to calculate a novelty index. Bai
Jingyi et al. added topic lifecycle theory to define novelty, as shown in formula
(2): MATH_2

3.2.3 Consistency and Coherence Consistency and coherence refer to top-
ics that have existed for a period of time and have a continuous and stable
development trend. Q. Wang et al. defined topic coherence as the degree of
looseness of topic links, measured by the ratio of citation count to publica-
tion count within the field (consistency index), with a threshold of 1. S. Xu
believed that coherence depends on whether the topic extraction method can
ensure sufficiently coherent topics. Bai Rujiang et al. suggested that by time slic-
ing, topics meeting set standards in continuous time intervals satisfy coherence
requirements. This study comprehensively employs adjacent time slicing and
consistency index calculation methods to measure consistency and coherence
features.

3.2.4 Scientific Impact and Growth The paradigm for scientific impact
assessment includes quantity, quality, and effectiveness theories, involving three
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dimensions: conditions for research output, presentation carriers, and dissemi-
nation, as well as indicators such as research intensity, research performance,
research support capacity, degree of institutional diversification, and research
output dissemination capacity. For the analysis of scientific impact of emerging
topics, there are cases of single and multiple indicators. This study, based on
the scientific impact assessment paradigm, selects citation count, author count,
institutional scale, and disciplinary richness as comprehensive observation indi-
cators for scientific impact.

Specific indicators include: - Topic Citation Index (TCI): MATH 3 -
Topic Author Index (TAT): MATH_ 4 - Topic Category Index (TCG):
MATH_5 - Topic Institution Index (TIS): MATH_6 - Topic Intensity
(TT): MATH_7

Growth measurement is reflected in citation growth, author growth, insti-
tutional scale expansion, and convergence of different disciplines, measured as
changes in adjacent time data. Taking topic intensity growth as an example,
the measurement formula is: MATH_ 8

3.3 Topic Feature Association Analysis

To deeply mine the internal development patterns of emerging topics in the tar-
get field, this study employs topic feature association analysis methods. Nobel
laureate C. W. J. Granger proposed cointegration analysis and Granger causal-
ity test methods based on “prediction” in 2003, providing statistical tests for
long-term relationships between variables to determine causal associations. For
panel data containing cross-sectional individual features and temporal variation
features, C. W. Kao et al. proposed panel cointegration test methods, and E. 1.
Dumitrescu and C. Hurlin expanded the testing methods for Granger causality
in panel data, enabling better analysis of the association mechanism between
independent and dependent variables.

4. Empirical Analysis of Emerging Topic Identification
4.1 Data Collection

The author conducts empirical analysis using research paper data from the “wet-
land” field, retrieving from the SCIE (SCI-Expanded) and SSCI (Social Sciences
Citation Index) databases in the Web of Science Core Collection. After sorting
wetland types and expressions and designing retrieval strategies using related
keywords, with title, abstract, author keywords, and keywords as identification
fields, the retrieval formula TI=((wetlands or wetland or “wet land” or “wet
lands” or marsh or swamp* or peatland* or “peat land” or bog or bogs or mire
or mires or fen or fens or everglade or mangrove)) not TS=("swamp crayfish” or
“marsh sandpiper” or “marsh mallow” or “marsh harbour”) was used for topic
retrieval. The retrieval period was limited to January 1, 2000, to December 31,
2020, with retrieval conducted in September 2020. Literature types were limited
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to “article” and “review,” yielding a total of 24,449 wetland-related documents.
The annual distribution of papers is shown in Figure 4 [Figure 4: see original
paper], showing good development momentum and stable growth.

4.2 Topic Identification and Data Extraction

The author uses Python for topic identification, selecting models with 1-175
topics and comprehensively comparing perplexity and coherence performance.
Perplexity uses probability to calculate a topic model’s performance on test
sets, with lower values indicating better models. Perplexity analysis results
show insignificant differentiation. C_v, U_{mass}, C_{npmi}, and C_ {uci}
coherence are all consistency indicators measuring whether words within topics
support each other. In the consistency indicator results, 26 topics are optimal,
as shown in Figure 5 [Figure 5: see original paper].

Through natural language processing such as word segmentation and topic mod-
eling, the topic-keyword distribution is exported, yielding 26 research topics in
the wetland field (see Table 1 ). Combined with manual interpretation and
translation, the wetland field includes constructed wetland regeneration, wet-
land ecological monitoring, environmental climate change response, wetland
pollution component analysis, wetland biodiversity conservation, wetland gas
emission flux models and monitoring, degraded wetland system restoration, wet-
land cycling system analysis, regional wetland management, wetland restoration
standard techniques, and wetland ecological protection.

4.3 Emerging Topic Identification Analysis

4.3.1 Consistency and Coherence Analysis To detect the consistency
and coherence of wetland field topics, time slicing was used to calculate topic
consistency indices for 2016-2020 and 2011-2015, with results shown in Figure
6 [Figure 6: see original paper]. The horizontal axis represents topic numbers,
and the vertical axis represents topic consistency index calculation results. Topic
consistency indices in adjacent time intervals are far above the set threshold,
indicating that the 26 research topics identified by the topic model are tightly
connected and meet consistency and coherence requirements.

4.3.2 Potential High Growth Potential Analysis For potential high
growth potential, the author constructs ARIMA models to predict future topic
trends. To avoid potential autocorrelation and heteroskedasticity issues, data
were log-transformed before stationarity testing. Three test types were used:
trend and intercept (c,t), intercept only (c¢,0), and no trend no intercept (0,0),
with the test type determined by significance. Stationarity test results are shown
in Table 2 . In topic intensity sequences, after differencing, sequences for topics
1, 5, 6, 12, 21, and 23 became stable, while the rest were stationary sequences,
enabling modeling.

After unit root testing, ACF and PACF plots for order determination, combined
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with information criteria (AIC, SC, and HQ minimum principle) and parameter
comparison, ARIMA model forms were determined. Due to extensive process
data, Table 3 shows only final model parameter order results, with Topic 5 as
an example to demonstrate the modeling process.

As shown in Figure 7 [Figure 7: see original paper], Topic 5’s autocorrelation
plot cuts off at lag 3, and partial autocorrelation plot cuts off at lag 1, with
model parameter p taking 0-3 orders and parameter q taking 0-1, yielding 8
possible combinations. Through information criteria comparison, the optimal
model form was determined (see Figure 8 [Figure 8: see original paper]). Based
on this, topic trend fitting and prediction analysis were conducted. The left side
of Figure 9 [Figure 9: see original paper] shows the 2000-2018 topic intensity
trend fitted by the ARIMA model, showing growth; the right side shows Topic
5’s b-year future trend prediction results, showing stable performance.

4.3.3 Impact and Growth Analysis Time-series global principal compo-
nent analysis uses comprehensive variables to replace original global variables,
capturing main impact features. By calculating annual measurement indicators
for 2001-2018, a 260$x $18 time-series data table was obtained with 4,680 data
points, showing correlations among indicators (see Figure 10 [Figure 10: see
original paper]). To eliminate dimensional effects, standardization was applied.
The Bartlett test statistic was 9,135.283 with p-value approaching 0, and KMO
test value greater than 0.7, suitable for principal component analysis.

Calculating initial and factor solutions for global principal component analysis,
based on the eigenvalue greater than 1 principle, principal components F1 and
F2 were selected, carrying 43.375% and 32.519% of original data information,
respectively. The first principal component has positive and large loads on all 5
impact indicators, forming a comprehensive impact factor. The second principal
component more reflects topic growth, forming a growth factor.

Using component score coefficients, analytical expressions for the two principal
components were obtained: - Impact Factor: MATH_9 - Growth Factor:
MATH_ {10}

To better explain the practical significance of principal components, topic two-
dimensional distribution can be observed through data standardization and prin-
cipal component score calculation, as shown in Figure 11 [Figure 11: see original
paper]. Topics 7, 13, 16, 23, 24, 25, and 26 show synergistic development effects
of high growth and high impact, indicating that high-growth emerging topics
can achieve more scientific impact. Topics 1, 2, 4, 5, 6, 10, 11, 12, 14, 18, 19, and
21 show certain substitution effects between growth and impact. Topics 3, 8, 9,
12, and 15 are distributed near the origin, with relatively stable development of
impact and growth features.

4.3.4 Emerging Topic Identification Results Comprehensively analyzing
various dimensional features of wetland field topics reveals: All 26 topics cal-
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culated by the topic model meet consistency and coherence requirements.
Potential high growth potential analysis shows that during 2000-2018, most
topic intensities showed stable or rising trends; in the next 5 years, topics 5,
6, 7, 9, 13, 14, 15, 16, 17, 18, 22, 23, 25, and 26 have significant potential
high growth potential, with expected positive development trends. Novelty
performance is good for topics 2, 7, 9, 11, 12, 13, 15, 16, 17, 23, and 25. Joint
analysis of growth and impact shows that topics 3, 7, 13, 16, 17, 23, 24, 25, and
26 have good feature performance.

Emerging topic multidimensional identification results are shown in Figure 12
[Figure 12: see original paper]. Results indicate that topics meeting the defi-
nition of emerging topics in the wetland field are topics 7, 13, 15, 16, 17, and
25, namely degraded wetland system restoration, wetland microbial gene re-
search, wetland ecological compensation, wetland quantitative survey research,
wetland bacterial community system governance analysis, and wetland ecologi-
cal response to climate change.

4.4 Emerging Topic Feature Association Analysis

Emerging topics have the potential to develop into future hot topics and serve
as the foundation for frontier topic incubation. Based on emerging topic iden-
tification, deeply mining the long-term relationships of associated features of
emerging topics can better understand them and has practical significance.

This study, based on the scientific evaluation system, selects main measurement
indicators reflecting research intensity, research performance, institutional di-
versification, and output dissemination capacity. For panel data composed of
emerging topics, topic feature association analysis is conducted (including cita-
tion features, author features, institutional scale, and disciplinary richness). To
avoid potential heteroskedasticity, data were log-transformed before LLC sta-
tionarity testing, where topic multidisciplinary features have unit root processes
(first-order integration) while other variables are zero-order integrated.

4.4.1 Long-term Equilibrium Amnalysis As the data are not integrated
at the same order, cointegration testing is needed to determine long-term sta-
ble relationships. In Kao-test cointegration testing, the null hypothesis is that
no cointegration relationship exists between topic intensity and topic feature
data. Based on significance comparison of 5 test statistics including DF and
adjusted ADF, conclusions reject the null hypothesis (see Table 4 ), indicating
cointegration relationships exist. Long-term stable relationships exist between
topic intensity sequences and topic external feature dimensions, enabling further
causal relationship analysis.

According to the cointegration equation: increases in topic institutions, topic
author numbers, and topic citation frequency have positive long-term equilib-
rium relationships with topic intensity; increases in topic disciplinary richness
have negative long-term equilibrium relationships with topic intensity, as shown
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in Table 5 .

4.4.2 Granger Causality Test Granger causality test is a test of predictive
ability. Its basic principle is: assuming mutual influence between variables A
and B, if A’s lagged variables significantly affect B, then A is Granger-cause of
B, and vice versa.

After confirming cointegration relationships between topic intensity and various
dimensional features, with unclear direction of effects, the author first uses the
Granger causality test method proposed by A. Juodis et al. to test variable
exogeneity, determining whether topic feature joint dimensional changes are en-
dogenous factors of topic intensity changes. Test results show that the joint
effect of institutions, authors, citations, and disciplinary richness on topic inten-
sity is significant at the 0.05 level, indicating these four variables’ joint changes
are endogenous factors of topic intensity changes. To study specific causal re-
lationships between variables, further Granger causality tests were conducted,
with results shown in Table 7 .

Analyzing Table 7 Granger causality test results yields the following conclu-
sions: (1) For emerging topics in the wetland field, bidirectional Granger causal-
ity exists between topic intensity and topic institutional numbers and topic
author numbers. This indicates that growth of research scholars in the field pro-
motes development of emerging topics, and topic intensity growth also attracts
new scholars to conduct related research, verifying cluster effects and showing
that talent development and topic development are mutually reinforcing active
modes. This reflects the effectiveness of research support institutions’ incentive
policies in the wetland field, suggesting a project-first, talent-based execution ap-
proach for future disciplinary topic development. (2) In the wetland field, unidi-
rectional causality exists between topic intensity and topic disciplinary richness
and topic citations. Specifically, good topic intensity development is the cause
of topic disciplinary richness, but disciplinary richness is not the cause of good
topic intensity development; topic intensity growth is the cause of citation fre-
quency increase, while citation frequency increase is the cause of topic intensity
change. The practical implication is that topic intensity has a unidirectional ef-
fect on topic richness—topic intensity expands over time, promoting disciplinary
diversification in the wetland field. However, disciplinary richness development
does not significantly optimize topic intensity growth, indicating that promot-
ing disciplinary richness cannot directly promote healthy topic intensity growth
in this field. Blindly pursuing disciplinary richness in the wetland field may
lead to excessive topic fragmentation, making it difficult to achieve “large yet
refined.” Additionally, citation patterns represent topic attention shifts, and
topic intensity growth’s pulling effect on citations is not significant in the short
term. Conversely, citation frequency increase has a significant promoting effect
on topic intensity development, making it a “weathervane” for topic intensity
development in this field.

chinarxiv.org/items/chinaxiv-202310.00653 Machine Translation


https://chinarxiv.org/items/chinaxiv-202310.00653

ChinaRxiv [$X]

Conclusion

From paper data, this study proposes a set of identification and association anal-
ysis methods based on emerging topic features. In feature extraction, combin-
ing emerging topic theories and practices, improvements were made in novelty
and other aspects, adding potential high growth indicators, and selecting com-
prehensive feature consideration schemes for impact and growth. This study
extracts research topics and distributions through topic models, uses trend pre-
diction models and analysis methods to analyze topic future trends, combines
global principal component analysis to depict dynamic development paths of
topic growth and impact, and completes emerging topic identification based
on comprehensive topic performance. To better identify emerging topics, the
author uses cointegration analysis and Granger causality tests to mine feature
association relationships of emerging topics. The study finds bidirectional as-
sociation effects between topic intensity and institutional numbers and author
scale, positive impact of topic citation frequency on topic development, and uni-
directional promoting effect of topic intensity on topic diversity. Therefore, the
author proposes adhering to a project-first, talent-based innovation policy exe-
cution approach and offers some thoughts on developing emerging topics. The
author repeatedly considered feature scientificity and identification comprehen-
siveness, comprehensively employing natural language processing, multivariate
statistical analysis, and time series analysis methods to determine emerging
topic identification and feature analysis methods, which have certain reference
value for objectively understanding research topic dynamics in fields and making
research layout decisions.

The emerging topic identification and analysis method proposed by the author
mainly proceeds from the perspective of scientific literature. Since emerging
topics are comprehensive features of research content in a field, their research
value is reflected in science, policy, economy, and other aspects, while literature
is only an important object reflecting innovative changes in research topics. In
addition to scientific literature, research objects also include policy texts and
patent data. Therefore, future research could attempt to fuse multi-source texts
for comprehensive emerging topic identification research.
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