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Abstract

[Purpose/Significance] This study investigates the differential characteriza-
tion of influence of emerging research topics by various critical time points.
[Method/Process| First, we review current application scenarios and acquisition
methods for inflection point time, and construct an identification method for
inflection points of emerging research topics along the innovation evolution path
based on network node growth mechanisms and characteristics in knowledge
diffusion. Second, we conduct a comparative analysis of the differences among
first occurrence time, average time, and inflection point time to explore the
earliest time point at which emerging research topics generate influence. Finally,
using stem cell research topics as an empirical domain, we analyze the different
representational capabilities of various critical time points for the influence
of emerging research topics. [Results/Conclusion]| Inflection point time can
identify influential topics earlier than average time. The significance of first
occurrence time, average time, and inflection point time differs significantly
in topic development trajectories; determining the temporal distribution of
emerging research topics in innovation pathways requires synthesizing these
three distinct types of critical time points.
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Abstract

[Purpose/Significance] This study explores how different key time-points
characterize the influence of emerging research topics. [Method/Process]
First, we review current application scenarios and acquisition methods for turn-
ing point time, and construct a turning point identification method for emerging
research topics on innovation evolution paths based on the growth mechanism
and characteristics of network nodes in knowledge diffusion. Second, we compar-
atively analyze the differences among first appearance time, average time, and
turning point time to explore the earliest time-point when emerging research
topics generate influence. Finally, using stem cell research as an empirical field,
we analyze the different representational capabilities of these key time-points for
emerging research topic influence. [Result/Conclusion] Turning point time
can identify influential topics earlier than average time. First appearance time,
average time, and turning point time have significantly different meanings in
topic development paths, and determining the distribution time of emerging
research topics on innovation paths requires synthesizing these three different
types of key time-points.

Keywords: Evolutionary Path, Innovation Path, Turning Point Time, Emerg-
ing Research Topic, Curve Fitting

1 Introduction

Emerging research topic identification serves as an important means for predict-
ing scientific and technological innovation research and indicates the direction
of such innovation. Currently, major countries and regions focused on techno-
logical innovation not only fund emerging research but also support the use
of scientometric methods to evaluate the effectiveness of funded projects. For
example, since 2000, the European Research Council (ERC) has funded two
projects: Development and Verification of a Bibliometric Model for the Iden-
tification of Frontier Research (DBF) and Emerging Research Areas and their
Coverage by ERC-supported Projects (ERACEP) [1]. The ERACEP project
analyzed emerging fields covered by ERC-supported research in 2009 [2]. The
Intelligence Advanced Research Projects Activity (IARPA) established the Fore-
sight and Understanding from Scientific Exposition (FUSE) program in 2011,
with a mission to generate transformative innovation by focusing on “high-
risk/high-reward” projects rather than pursuing short-term benefits, particularly
emphasizing early identification of major emerging research topics [3].

Proactively identifying emerging research topics is crucial for science and tech-
nology managers to deploy innovation strategies and optimize resource alloca-
tion. Consequently, emerging research topics have remained important objects
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of academic study, increasingly appearing in news publications and academic
journals. Meanwhile, scientometrics has developed various methods to moni-
tor emerging research topics in scientific and technological innovation [3], with
evolutionary paths being one important approach.

The evolutionary path of emerging research topics refers to the developmental
trajectory of emerging topics, reflecting the generation, diffusion, and evolu-
tion process of technological innovation. Citation analysis is a commonly used
method for obtaining technology evolution paths. Domain topics can acquire
evolutionary paths through clustering based on citation data similarity along
a timeline [4]. Through evolutionary paths of emerging topics, we can deeply
understand the context of topic evolution and the mechanisms of breakthrough
innovation, aiding in identifying and predicting breakthrough innovations. Addi-
tionally, evolutionary paths can help assess characteristics of emerging research
topics that are not easily quantified, such as novelty, growth/persistence, and co-
herence, through visualization to analyze uncertainty and ambiguity indicators
[5].

An emerging research topic may appear multiple times on an innovation evolu-
tion path during its lifecycle and may emerge at different time intervals, eventu-
ally forming a temporal distribution of the topic. This temporal distribution is
not uniform or equivalent; rather, there are a few important “key time-points.”
Key time-points refer to critical moments in topic generation, development, evo-
lution, and breakthrough. How do different types of time-points on evolutionary
paths differ in marking the lifecycle of emerging research topics? How should
different time-points be used to improve monitoring and trend-tracking capabili-
ties for emerging research topics? Currently, the average time value of scientific
literature cumulative counts is typically used as the key time-point in science
and technology roadmaps. However, the trend of paper publication and patent
application is not linear accumulation but follows an approximate exponential
development pattern, presenting a skewed distribution. Therefore, selecting av-
erage time as the key time-point on topic evolution path timelines will lead to
lagged topic identification. Meanwhile, the earliest publication or application
year may only represent sporadic research that has not yet formed significant
influence.

In view of this, we analyze the differences among three types of key time-points
in characterizing the developmental influence of emerging topics, particularly
focusing on turning point time, which plays an important role in early iden-
tification of emerging technologies. We also explore the most influential key
time-point for emerging research topics to more clearly display key time-points
on evolutionary paths. Based on this, we comparatively analyze the differences
between turning point time and other key time-points (first appearance time and
average time). This study aims to improve the accuracy of topic evolution paths
to enhance their predictive accuracy for emerging research topic identification.
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2 Literature Review

Analyzing the difference in how key time-points characterize emerging topic
development requires understanding three related issues: the evolutionary char-
acteristics of emerging research topics, the application of turning point time in
different disciplines, and methods for acquiring turning point time. We review
existing research from these three aspects to provide a foundation for this study.

2.1 Evolutionary Curve Characteristics of Emerging Research Topics

The formation of scientific literature dissemination networks exhibits random
characteristics in their initial stage. During early network formation, some
time periods may see no new nodes while others may see multiple new nodes
simultaneously. The growth pattern of new network nodes is related to network
structure, with an overall trend of fast then slow growth. As the dissemination
network scale expands, the number of newly added network nodes gradually
increases. However, when a discipline develops to a certain stage, limited by
researchers’ knowledge levels and domain information resources, the growth rate
of the dissemination network will slow down, eventually reaching a relatively
stable state.

P. Young [6] collected numerous time series representing growth behaviors, clas-
sified them according to data distribution characteristics, and then attempted
to determine optimal growth curve prediction models for different distribution
types, enabling selection of optimal models for specific datasets before fitting.
Some studies focus on stage issues in technology growth prediction processes and
corrections to industrial development curve models. D. Kucharavy et al. pro-
posed distinctions between short-term, medium-term, and long-term predictions
based on S-curve three-stage theory [7], emphasized the definition of growth
parameters in Logistic growth models [8], and together with R. D. Guio [9] dis-
cussed applications of simple Logistic, component Logistic, and Logistic substitu-
tion models based on Logistic growth functions in technology change prediction,
contributing to long-term forecasting of emerging technologies. P. Nguimkeu
[10] developed a simple model selection test between Gompertz and Logistic
growth models to avoid prediction errors from using growth curves. N. Meade et
al. [11] considered diffusion innovation in different countries at different stages,
introduced marketing variables into model parameters, and standardized models
to achieve continuous diffusion.

Additionally, technology growth models in emerging technology fields have grad-
ually matured. T. Daim et al. [12] combined bibliometrics and patent analysis
with renowned technology forecasting tools such as scenario planning, growth
curves, and analogies to predict three emerging technologies: fuel cells, food
safety, and optical storage. M. Kyebanbe et al. [13] utilized patent citation
data from the US Patent and Trademark Office to derive predictive factors us-
ing patent citation methods, achieving 70% prediction accuracy for emerging
technologies at least one year before their emergence, thereby validating the ef-

chinarxiv.org/items/chinaxiv-202304.00627 Machine Translation


https://chinarxiv.org/items/chinaxiv-202304.00627

ChinaRxiv [$X]

ficiency of their proposed supervised learning automatic data labeling method.

Thus, current research has extensively studied the evolutionary curve charac-
teristics of emerging research topics, which exhibit multiple evolution patterns,
leading to various fitting and prediction models for different curve features.

2.2 Application of Turning Point Time

The connotation of turning points differs across disciplines. From a philosoph-
ical perspective, turning points are key points for resolving contradictions and
transforming things [14-15], representing the point where quantitative change
leads to qualitative change and gradual change leads to sudden change. Mathe-
matically, a turning point is defined as the point where a plane curve’ s bending
direction changes. If a curve changes from convex to concave or vice versa at a
point, that point is a turning point where the tangent line crosses the curve. In
turning point calculation, if a curve’ s function has a second derivative of zero or
non-existent at a point, and the second derivative has opposite signs on either
side of that point, then that point is a turning point of the function [16-18].

In economic management, turning points are significant points in development
curves that can forecast future uncertainty and warn of potential risks. Although
specific meanings vary across fields, the general significance of turning points is
widely recognized as the inflection point where data or things transition between
growth and decline, prosperity and decay, with inconsistent evolution trends
before and after [19].

Different connotations across fields manifest as different independent and depen-
dent variables in curve fitting. In philosophy, independent variables are mostly
ideology in superstructure, while dependent variables are social development.
Mathematics focuses on formula models for turning point measurement. Eco-
nomic management focuses on market and financial turning points for trend
prediction, typically defining prices, output, and sales as independent variables,
and economic development levels and industry development levels as dependent
variables. Some experts have also applied turning points to public opinion pre-
diction, enriching the application scope.

Representative studies include: In economic management, experts often use
turning points to detect development trends in economic indicators. For exam-
ple, the “Lewis turning point” [20-22] uses marginal productivity of agricultural
labor to predict turning points and thereby judge labor supply trends. The
“Kuznets turning point” [23-25] judges income distribution gaps based on the
relationship between income distribution and economic growth. The “Mongers
turning point” calculates the equilibrium point between marginal revenue and
marginal cost [26].

During application, many experts have further enriched turning point types by
combining domain characteristics with specific application scenarios. Shi Lukui
et al. [27] defined upper and lower turning points in stock price range prediction
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research using the time-price (y) relationship: an upper turning point satisfies
(y -y 1))y >Rand (y -y ;)/y > R, while a lower turning point satisfies
(y 1-y))y >Rand (y ; -y)/y > R, where R is a set threshold. Zheng
Buging et al. [19] divided turning points into stage turning points and extreme
turning points in network public opinion prediction, with stage turning points
dividing evolution into three stages: latent, outbreak, and decline.

Thus, turning point time has different connotations and applications across
disciplines, though different fields generally agree that “turning point time can
characterize important transition time-points for research objects.”

2.3 Turning Point Acquisition Methods Based on Curve Fitting

In recent years, methods such as Bayesian panel VAR models [28-30] and hidden
Markov models [31-33] have been applied to turning point prediction. F. Canova
et al. [34] proposed a turning point prediction method based on VAR Bayesian
panels for output growth rate turning points in G7 countries. M. Billio et
al. [35] combined VAR and Markov models to generate turning point prediction
methods for business cycle analysis. L. Koskinen et al. [36] used hidden Markov
models to predict turning points in Swedish and US economies. Subsequently,
R. F. Peldez [37] proposed a Logit model that could more accurately predict
business cycle turning points. N. Kulendran and K. K. F. Wong [38] combined
Logit and Probit models to predict economic cycle turning points.

Additionally, ARIMA models [39-40] and chaotic time series analysis [41-43] in
time series prediction models have been widely applied to turning point pre-
diction. Economists found that turning point changes correlate with growth
cycles, but time series models cannot significantly present growth trends and
cycles. Therefore, growth function models [38, 44-45] are also commonly ap-
plied to turning point research. A typical application of Logistic curve analysis
in prediction is M. King Hubbert’ s analysis of US oil industry reserves and
production. In 1962, Hubbert combined Logistic curves measuring domestic oil
cumulative proven reserves and cumulative production to predict the 1968 peak
in US oil production, two years ahead of the actual peak [46]. Since then, schol-
ars have begun using Logistic curves for turning point analysis. Zhan Xinyu
used Logistic curve equations to predict the turning point of Guangxi’ s indus-
trial structure serviceization, finding that growth curve models provide high
accuracy in turning point prediction [45].

With deepening knowledge connections, grey prediction [47-49] and neural net-
works [50-52] have opened new directions for turning point prediction methods.
Tian Hongli et al. [47] used similar grey models to predict stock price turning
points, solving the problem of low grey prediction model accuracy in oscillat-
ing sequences. O. Claveria et al. [50] compared three different artificial neu-
ral network technologies (multilayer perceptron networks, radial basis function
networks, and Elman networks) for tourist demand turning point prediction,
finding that multilayer perceptron networks have higher accuracy in complex
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predictions, and that increasing dimensions can improve turning point predic-
tion accuracy.

Since products and services have lifecycles including germination, development,
maturity, and decline, determining a product’s position in its lifecycle is another
method for predicting turning points [53]. P. C. Guo et al. [54] found based
on lifecycle theory that when the logistics index exceeds equilibrium value, the
logistics industry produces an amplification effect on the economy and welcomes
its development turning point. P. N. Golden et al. [55] found that sharp growth
in some product sales curves mostly occurs during the transition from new
product introduction to growth stages, calling this phenomenon “Take Off” and
the transition point the “take-off point.”

Different turning point identification and prediction models all aim to improve
turning point prediction accuracy in specific fields. Because different fields and
even different objects in the same field have different lifecycle curves, no single
method is optimal—specific analysis based on the data distribution characteris-
tics of the field is required.

3 Key Time-points on Innovation Paths and Acquisition
Methods

3.1 Turning Point Time of Topic Distribution

Emerging research topics are persistent topics on innovation paths. During this
development process, the distribution of emerging research topics on innova-
tion paths is consistent with scientific discovery and technological innovation
patterns, not uniformly distributed on the timeline. Just as breakthroughs
in scientific and technological innovation often present cluster characteristics,
topics on innovation paths show various patterns in their outputs: gradually in-
creasing, gradually decreasing, rising then falling, falling then rising, and other
combinations. Therefore, how to display the dynamic changes of topics on the
timeline deserves in-depth analysis.

We use the number of scientific documents contained in a topic as an indicator
of attention and influence on that topic. Typically, when significant progress
is made or breakthroughs occur, the number of papers increases substantially.
We attempt to use growth function (Logistic Function) curves for scatter plot
curve fitting, but the results are unsatisfactory. Through experimentation, we
find that a cubic function can better fit the scatter distribution in this study;
therefore, we adopt cubic function fitting for scatter plots, plotting function
curves on the graph and outputting the fitted function.

The method for acquiring turning points on innovation paths is as follows:

First, extract sample data from raw data files, count the number of papers (y)
published each year (x) for each topic, and draw scatter plots for each topic’ s
data.
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Second, select fitting functions to fit the scatter plots from the first step, visu-
alize the fitted curves, and output the fitted functions.

Third, calculate turning point values based on the fitted curves and plot turning
point positions on the graph.

3.2 Analysis of Turning Point Types

Based on the interval range where turning point time appears, we classify turn-
ing point types into four categories: turning points appearing within the analysis
time interval, before the analysis time interval, after the analysis time interval,
and not appearing within the analysis time interval.

3.2.4 Comparative Analysis of Three Key Time-points To further con-
firm the effectiveness of turning points in predicting topic development trends,
we compare the differences between turning points in analyzing emerging versus
non-emerging research topics, and distinguish the functions of first appearance
time, average time, and turning point time in topic prediction analysis. The
calculation formulas for turning point, average time, and earliest time are shown
in Table 1 .

Table 1 Formulas for Turning Point, Average Time, and Earliest Time

Time Type Formula Meaning

First Appearance Time t=t,i=1 Indicates the earliest
starting time

Average Time t = (3t )/n Indicates the central

position where time
points are relatively
concentrated
Turning Point Time For f(x) = ax® + bx? Indicates when the
+ cx + d, any cubic topic first has
function has a turning  significant influence
point when a # 0

Where t is time, n is the total number of time points, i is the starting time point,
and a, b, ¢, d are parameters.

4 Empirical Analysis
4.1 Dataset and Statistical Analysis

Stem cells are a class of cells with self-renewal and multi-directional differenti-
ation capabilities, representing important research objects in biomedicine. Due
to their significant value in disease treatment and regenerative medicine and
their enormous development prospects, stem cells have attracted attention in
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life science and medical research. We select the stem cell field as the empir-
ical domain for this method, using Web of Science (WoS) to obtain analysis
data. The retrieval date was October 20, 2018, yielding 422,101 research papers
related to stem cell research.

The specific retrieval strategy was: TS=(( “stem cells” OR “stem cell” ) NOT
( “stem cellulose” or “stem Cellular” or “cello” or “cellar” or “cellphone” ))
OR TS=((ESCoriPSoriPGCorMSCorCSCorLSCorTSCorADSCorHSC) near
(cells OR cell)) OR TS=(( “totipotent” or “pluripotent” or “multipotent” or
“unipotent” or “progenitor” or “precursor” ) NOT ( “non-pluripotent” )) ADJ
(cells OR cell))) NOT TS=( “fuel cell” or “inplane switching” or “Intrusion
Prevention System” ).

Community identification is a common method for analyzing large complex
network structures. This paper identifies meaningful research topics through ci-
tation networks. V. A. Traag et al. developed the Leiden algorithm [58], which
can discover better community divisions, improve effective connections between
communities, and run faster. Under the Leiden clustering algorithm, all papers
in the WoS database are divided into three levels: 22 topics at the macro level,
868 topics at the meso level, and 4,047 topics at the micro level. We adopt
the micro-level topic classification based on the Leiden algorithm and further
analyze emerging research topics on this basis.

To avoid the impact of random fluctuations such as database expansion or con-
traction, we use smoothed annual publication volumes, selecting 2004-2018 as
the research period and setting 11 time slices with every 5 adjacent years as
a group. Within the research period, the number of published papers shows
exponential growth (see Figure 3 [Figure 3: see original paper]). The micro-
level topic classification of 422,101 records involves changes across different time
slices; for example, there were 1,584 micro-level topics in 2004-2008 and 2,058
micro-level topics in 2013-2017 [58] (see Figure 3).

4.2 Topic Identification and Visualization Analysis

The distribution of stem cell research topics is shown in Figure 4 [Figure 4:
see original paper]. Node size is proportional to the number of papers on stem
cell research; larger nodes indicate more papers on that topic. Smaller distances
between topics indicate more similar research content. The numbers on nodes in
Figure 4 are not the numbers of papers involved but the micro-level classification
label numbers of that topic in the entire WoS database. Stem cell research-
related topics are mainly located in the “biological health” area and involve
many topics. Although the Leiden classification algorithm [58] is built on the
entire WoS database and helps more accurately discover global topics, it lacks
domain specificity. To obtain more targeted stem cell topics, we further obtained
the proportion of stem cell papers in each topic under the Leiden classification
and deleted topics containing only a small number of stem cell papers.
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4.3 Turning Point Characteristics Analysis of Emerging Research
Topics

Using a cubic function, we determine turning points through the value of the
third derivative. If the third derivative of f(x) is not zero, then that point is
a turning point. Considering that topics in early development stages may also
have turning points outside the research period, this study does not impose
threshold restrictions on turning point values, such as limiting them within the
data analysis range. If a cluster has fewer than 4 samples, function fitting
cannot be performed, and turning points cannot be calculated based on data
model fitting. After obtaining turning point data, we must further analyze
whether the results are all reasonable.

4.3.1 Classification of Emerging Research Topic Turning Point Types
(1) Turning points appearing within the analysis time interval. Nine-
teen emerging research topics have turning points within the analysis time inter-
val: #2, #60, #107, #142, #254, #353, #461, #581, #648, #710, #814, #867,
#921, #965, #1046, #1095, #1142, #1199, #1460. These topics established
the earliest influential time-points within the analysis period. Using topics #581
and #107 as examples, we plot evolution curves with turning points; the circled
dots pointed to by arrows are turning point times (see Figure 5 [Figure 5: see
original paper]). The later the turning point appears within the time period,
the more likely the topic is an emerging research topic. Topic #581 shows a
turning point around 2009, while #107 shows one around 2014.

(2) Turning points appearing before the analysis time interval. Two
emerging research topics have turning points before the time interval: #161
and #221 (see Figure 6 [Figure 6: see original paper]). Combined with domain
expert analysis and fitted curve analysis, we find that prediction errors for this
type stem from the assumption of using a cubic function model. In fact, these
two topics are still in early development stages and have not yet reached their
turning point time.

(3) Turning points appearing after the analysis time interval. Two
emerging research topics have turning points after the time interval: #727 and
#469 (see Figure 7 [Figure 7: see original paper]), indicating that turning points
can be expected to appear in the future. However, we find that the future
turning point time prediction for topic #469 may have problems. Combined
with domain expert analysis and data characteristics, topic #469 is indeed in a
rapid development stage, but the publication volume at the turning point may
exceed predicted results. Therefore, predictions of turning points appearing
after the analysis period may also have errors, but turning point predictions
can still reflect that the topic is currently in a development stage before the
turning point appears.

(4) No turning point appearing in the analysis time interval. Three
topics could not obtain turning point times using this method: #1290, #2276,
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and #261. The evolution curves for #1290 and #2276 are shown in Figure 8
[Figure 8: see original paper]. The main reason for no turning point appearing
is that these topics are still in early development stages, making turning point
values impossible to determine.

4.3.2 Comparison of Turning Point Time and Average Time for
Emerging Research Topics The comparison of turning point and average
time for 26 emerging research topics demonstrates that turning point time
can identify influential topics earlier than average time. Column 5, “Time
Difference  {INF}-AVG,” is the difference between “Average Time {AVG}”
and “Turning Point Time_{INF}.” A positive “Time Difference_ {INF}-AVG”
value indicates that “Turning Point Time {INF}” is earlier than “Average
Time_{AVG}” ; a zero value indicates they are equal; a negative value
indicates “Turning Point Time_ {INF}” is later than “Average Time_{AVG}.”
Based on the understanding that turning point values indicate when a topic
first has significant influence, for emerging research topics, a positive “Time
Difference_ {INF}-AVG” indicates that turning point time can identify the
topic’ s influence earlier than average time within the statistical period; a
negative value indicates the topic has not yet reached a stage of significant
influence.

From the “Time Difference_ {INF }-AVG”column, excluding topics #261, #1290,
and #2276 without turning point times, among the remaining 23 topics, 6 have
negative “Time Difference {INF}-AVG” values, 3 have zero values, and 17 have
positive values. This demonstrates that in stem cell research, turning point time
can identify influential topics earlier than average time. Two emerging research
topics have differences greater than 5 years: topics #221 and #161, both with
turning points before 1998, which upon verification are data fitting errors. These
two topics are actually still in early development stages.

4.3.3 Classification of Non-Emerging Research Topic Turning Point
Types Consistent with emerging research topics, we also classify turning point
types for 28 non-emerging research topics into four categories. In this empirical
analysis, for non-emerging research topics, there are no cases of turning points
appearing after the analysis time interval, which relates to the characteristics
of non-emerging research topics themselves, as they may be topics with slow
recent growth during the screening process.

(1) Turning points appearing within the analysis time interval. Twenty-
two non-emerging research topics have turning points within the analysis period.
Using topics #899 and #23 as examples (see Figure 9 [Figure 9: see original
paper]), these topics established the earliest influential nodes within the analysis
period. The later the turning point appears within the period, the more the
topic is an emerging research topic. #899 shows a turning point around 2002,
while #23 shows one around 2014.

(2) Turning points appearing before the time interval. Given that stem
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cell research began in the 1990s, most research topics are still in emerging fields,
and early signals are insufficient, making it reasonable for turning points to be
outside the data. In this study, four non-emerging research topics have turning
points before the analysis period: #203, #285, #1623, and #1638.

4.3.4 Turning Point Effectiveness for Emerging vs. Non-Emerging Re-
search Topics Through comparison, we find that turning points are more
effective for analyzing emerging research topics, with fewer data fitting errors.
This is mainly because emerging research topics show continuous growth trends,
and cubic function fitting effects are more ideal. For non-emerging research top-
ics, their development trend patterns may include more modes beyond stable or
rapid growth over a period, such as stabilization or decline. Therefore, for non-
emerging research topics, turning point time distribution is more uncertain, and
prediction function error probability is higher. Overall, turning points provide
more stable identification effects for emerging research topics.

4.4 Comparison and Application Strategy of Three Key Time-points

The advantages and disadvantages of first appearance time, average time, and
turning point time distributions are shown in Table 5 . While turning point
time is important, relying solely on turning point values cannot fully achieve
topic prediction analysis. Research topics appear in different time periods of
roadmaps, and the meanings of different time-points differ significantly. Deter-
mining topic distribution time in innovation paths requires synthesizing three
time types. First appearance is the earliest signal of a topic, suitable for quan-
titative analysis but difficult to attract attention due to scarce data. When a
topic reaches its turning point, vigilance is needed to consider early deployment.
Average time can characterize whether a topic has become a research hotspot.

Table 5 Advantages and Disadvantages of Three Time Distributions

Time Type Advantages Disadvantages

First Appearance Inevitably exists and is  Insufficient influence,

Time easy to obtain; is the difficult to attract attention
earliest signal of topic
appearance

Average Time Inevitably exists and is  Since topic paper
easy to obtain; can publication generally follows
represent topic exponential growth patterns,
influence from average time tends to lag,
quantitative making it difficult to assess
characteristics this influence
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Time Type Advantages Disadvantages

Turning Point Time  Can better May not exist—either from
characterize changes in  the data itself or from data
topic development fitting errors. Different
influence. If turning fitting functions may also
point time is earlier have prediction errors

than average time, it
can predict topic
influence earlier; if
later, it indicates the
topic is still in early
development stage

This study focuses on analyzing differences in topic development across different
time characteristics, especially the turning point time of growth curves, which
plays an important role in early identification of emerging research topics. We
comparatively analyzed the differences among first appearance time, average
time, and turning point time, exploring the earliest time-point when emerging
research topics have influence. This method applies not only to publication
volume but also to other indicators reflecting topic growth curve turning point
analysis, such as citation curve turning point analysis. Using stem cell research
topics as an empirical case, we obtained innovation development evolution paths
for identified emerging research topics through curve fitting and calculated turn-
ing points in the research development path. The research results help improve
the accuracy of topic evolution paths and enhance their predictive accuracy for
forward-looking judgment and layout of emerging research topics.

The main conclusions are as follows: First, we classify turning point types into
four categories based on the interval range where turning point time appears:
within the analysis interval, before the analysis interval, after the analysis in-
terval, and not appearing in the analysis interval. Through turning point char-
acteristic analysis of emerging and non-emerging research topics, most turning
points appear within the analysis time interval, indicating that turning points
have good utility for predicting emerging research topics. Second, compara-
tive analysis of turning point time and average time for emerging versus non-
emerging research topics shows that turning point time can identify influential
topics earlier than average time. Third, comparing turning point effectiveness
between emerging and non-emerging research topics reveals that turning points
are more stable and effective for emerging research topic analysis with fewer
fitting errors; for non-emerging research topics, turning point time distribution
is more uncertain with higher prediction error probability. Finally, first ap-
pearance time, average time, and turning point time have significantly different
meanings in topic development paths, and determining topic distribution time
in innovation paths requires comprehensive application of all three time types.
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This study has several limitations. First, we cannot provide rigorous justifica-
tion for the assumption of using a cubic function, focusing instead on finding
evidence from scientometrics and analyzing meaning and application value from
scientometric practice. This study has not considered other data distribution
types, and not all curves follow power function patterns, which is the main cause
of turning point identification errors. Second, cubic functions cannot effectively
identify situations with multiple turning points, and logistic growth curves are
not suitable for all topic data fitting, leading to some degree of distortion in
measurement results. The reason for these situations is that each topic has
its own development characteristics. Future research will attempt to use mul-
tiple indicators combined with specific domain data characteristics for analysis.
Third, this study’ s data source is primarily scientific papers, which mainly
reflect basic research results in a field, while patents can reflect applied develop-
ment trends. Current technology field development often involves coordinated
progress in basic and applied research, so a single literature type cannot com-
prehensively measure field development trends. Future research will attempt to
combine multi-source data types such as patent data and industrial economic
data to form more comprehensive curve simulations for field innovation devel-
opment and more accurate turning point identification. Additionally, we will
attempt to intelligently fit scatter points through an adaptive process to iden-
tify the optimal fitting function for each topic distribution curve. We will also
collect full-process data for specific fields, especially during topic germination
stages, to achieve more accurate curve fitting and turning point identification
through these measures.
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