
Information Processing and Management 59 (2022) 102843

Available online 15 December 2021
0306-4573/© 2021 Elsevier Ltd. All rights reserved.

A novel emerging topic detection method: A knowledge 
ecology perspective 

Jinqing Yang a,b, Wei Lu a,b, Jiming Hu a,b,*, Shengzhi Huang a,b 

a School of Information Management, Wuhan University, Wuhan 430072, PR China 
b Information Retrieval and Knowledge Mining Laboratory, Wuhan University, Wuhan 430072, PR China   

A R T I C L E  I N F O   

Keywords: 
Emerging topic detection 
Ecological niche 
Knowledge ecosystem 
Differentiated novelty 
Growth index 

A B S T R A C T   

Emerging topic detection has attracted considerable attention in recent times. While various 
detection approaches have been proposed in this field, designing a method for accurately 
detecting emerging topics remains challenging. This paper introduces the perspective of knowl
edge ecology to the detection of emerging topics and utilizes author-keywords to represent 
research topics. More precisely, we first improve the novelty metric and recalculate emergence 
capabilities based on the “ecostate” and “ecorole” attributes of ecological niches. Then, we take 
the perspective that keywords are analogous to living bodies and map them to the knowledge 
ecosystem to construct an emerging topics detection method based on ecological niches (ETDEN). 
Finally, we conduct in-depth comparative experiments to verify the effectiveness and feasibility of 
ETDEN using data extracted from scientific literature in the ACM Digital Library database. The 
results demonstrate that the improved novelty indicator helps to differentiate the novelty values 
of keywords in the same interval. More importantly, ETDEN performs significantly better per
formance on three terms: the emergence time point and the growth rate of pre-and post- 
emergence.   

1. Introduction 

The knowledge environment is constantly evolving and developing; new knowledge constantly emerges while old knowledge 
becomes obsolete. The evolution of knowledge discriminates between old and new knowledge by selecting those knowledge units that 
fit the environmental constraints in which they live (Firestone, 2008). Like organisms, knowledge units experience a full life cycle, 
which generally includes creation, mobilization, diffusion, and integration. (Stary, 2014). Furthermore, this process has been also 
subtly summarized as a four-stage S-shaped curve: birth, growth, maturity, and senility (Braun et al., 2000; Van den Oord & Van 
Witteloostuijn, 2018). Therefore, the evolution of knowledge units in a knowledge ecosystem follows certain universal laws that 
provide strong theoretical support for detecting emerging research topics. 

The study of emerging topic detection has tended to primarily focus on the design of bibliometric indicators that reveal the nature 
of emergence (Xu et al., 2019). More specifically, many bibliometric indicators for identifying emerging topics from different aspects 
have been proposed, such as novelty (Tu & Seng, 2012; Wang, 2018; Porter et al., 2019), growth (Ohniwa & Hibino, 2010; Coccia, 
2012; Dang et al., 2016), community (Yu et al., 2016; Yoon et al., 2018; Yoo et al., 2019), and uncertainty (Yu et al., 2016). It has 
been observed that the novelty and growth indicators often appear in the scientific literature on emerging topic detection. However, 
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the indicators proposed in each article above are different and arbitrary, which may result in the lack of well-established linkages 
between the concept of an emerging topic and these operationalization indicators (Xu et al., 2019). Thus, to accurately detect emerging 
research topics, an alternative idea should be used to re-examine extant studies. Scientific exploration was conceptualized as a search 
in a high-dimensional abstract landscape of problems. There exists a clear analogy with the spatial model of evolutionary biology 
(Börner & Scharnhorst, 2009). Several computational models and basic theories from evolutionary biology can be employed in the 
study of topic evolution. Researchers were inspired to explore the evolutionary laws of research topics from an ecological perspective 
(Van den Oord & Van Witteloostuijn, 2018). These studies are instructive in terms of exploring a novel method of emerging topic 
detection. Namely, the ecological niche theory can be used during the process of detecting emerging topics from a knowledge ecology 
perspective. 

The primary objective of this study is to propose a novel method of emerging topics detection from the perspective of knowledge 
ecology. More specifically, we first introduce the ecological niche theory to extend the idea of emerging topic detection, which 
provides two dimensions for classifying bibliometric indicators based on the “ecostate” and “ecorole” attributes. Second, we improve 
the novelty indicator using a weighting modified method to differentiate the novelty values of research topics in the same interval; we 
also calculate the slope value of growth at the detection point (niche value) to represent the emergence capability in terms of the 
“ecorole” attribute of ecological niches. Third, keywords are analogized with living bodies and mapped to the knowledge ecosystem to 
construct a niche baseline for detecting emerging topics. Finally, we conduct in-depth comparative experiments to verify the effec
tiveness and feasibility of our approach using data extracted from scientific literature in the ACM Digital Library database. 

The rest of this paper is organized as follows: Section 2 reviews ecological niche theory and knowledge ecology, previous studies on 
bibliometric indicators of emerging topics, and keyword-based emerging topic detection. Section 3 describes the material and 
methods. Section 4 primarily discusses the study’s results. Finally, we conclude with an overview of our findings and implications in 
Section 5. 

2. Theoretical frameworks 

2.1. Ecological niche theory and knowledge ecology 

The ecosystem has typically been thought of as an explicit analogy to academics since it involves actors and their dynamic ac
tivities. Currently, academic big data has revived the idea of an “ecology of science” due to the discovery of potential laws that have 
exhibited sufficient accuracy. Several computational models from evolutionary biology can be adopted in research regarding evolu
tion. Ecological niche theory is an analytical framework for explaining and describing how individuals adapt to their habitat based on 
common environmental resource patterns over a period from a population ecology theory perspective (Dimmick et al., 1992). Ac
cording to Elton (1927), an ecological niche is a relative temporal, spatial and functional position in an ecosystem; later, Hutchinson 
(1957) constructed the quantitative method of ecological niches from the perspective of multidimensional attributes. The “ecostate” 
and “ecorole” attributes (Zhu, 1997; Raven, 2007) can be considered two dimensions that calculate the values of ecological niches 
(niche values). Furthermore, the term “ecostate” refers to the state of the biological units, which is understood as their accumulated 
energy, biomass, individual quantity, resource possession, and science and technology development level. Additionally, “ecorole” 
refers to the actual dominance or influence of a biological unit over the environment, such as the rate of energy and matter con
sumption, rate of productivity, and ability to occupy new habitats. 

An ecological niche can reveal the competition and coexistence relationship among individuals with the same or similar resource 
requirements (Baum & Singh, 1994). Thus, it was adopted by other disciplines such as economics (Smith et al., 2010; Seol et al., 2012; 
Palage et al., 2019) and management (Hannan et al., 2003; Peli, 2017; Rong et al., 2018). For example, Peng et al. (2020) argued that 
the actual long-term development of green technology innovation in manufacturing is reflected in the ecological “ecostate” level, while 
the short-term fluctuations in green technology innovation in manufacturing are at the ecological “ecorole” level and reflect the 
changes and trends in the industry. In addition, keywords can be analogous to living bodies; Bao et al. (2015) developed an “energy 
growth index” indicator to identify emerging keywords. Researchers had universally recognized that the evolution of research topics in 
the knowledge ecosystem is analogous to that of biological units in an ecosystem (Sice et al., 2018). To become emerging units, 
research topics need to not only adapt to their living environment but also achieve certain survival conditions. Therefore, this study 
was inspired by the above ideas. We re-examine emerging topic detection by taking the knowledge ecology perspective that a keyword 
is analogous to a living body. 

2.2. Bibliometric analysis of emerging topics 

The detection of emerging topics should be theoretically grounded and practically useful. Specifically, it is essential to concep
tualize a unifying mental framework that investigates the basic mechanisms of emerging research topics such as growth and change 
(Börner & Scharnhorst, 2009). The intuitive theory of emerging research topics is crucially derived from the evolution of research 
topics and the higher-level perspective of science. Additionally, the evaluation of whether a research topic is novel or emerging 
significantly depends on already-existing knowledge. Therefore, the new knowledge map was developed to represent the structure of 
all science and is based on journal articles to determine the leading areas of science (Boyack et al., 2005). From a network topology 
perspective, several characteristics of emerging areas were identified based on topological transitions and using quantitative graph 
theoretical measures such as density and diameter. (Bettencourt et al., 2009). Fanelli and Glänzel (2013) found that the scientific 
hierarchy provided the best rational framework for understanding the diversity of disciplines and reflecting theoretical and 
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methodological consensus. 
Bibliometric analysis has a long tradition in scientific evaluation, and it involves bibliometric entities situated in the ecology of 

science such as authors (Adams, 2012; Weis & Jacobson, 2021), journals (Leydesdorff & Cozzens 1993; Weis & Jacobson, 2021), and 
research funding (Roshani et al., 2021). Coccia and Wang (2015) examined emerging directions in the advent of oncology technology 
trajectories based on breakthrough anti-cancer treatments using an approach based on a network of trends and crucial variables 
revealed by bibliometrics. Coccia (2018) conducted an inductive analysis based on emerging research fields to explain and charac
terize four features of evolving scientific areas in the context of scientific dynamics. Wang (2018, p.6) provided a new definition of 
emerging topics, describing it as “a radically novel and relatively fast-growing research topic characterized by a certain degree of coherence, 
and a considerable scientific impact”; this definition includes four attributes for characterizing emerging topics: (a) radical novelty, (b) 
relatively fast growth, (c) coherence, and (d) scientific impact (Xu et al., 2019). Additionally, an experiment showed that high rates of 
scientific growth are a significant signal based on the exponential model of growth (Coccia & Finardi, 2013). Specifically, higher 
growth rates of scientific production are observed in emerging research topics but not in established topics (Coccia, 2020), which 
agrees with the implication of the “ecorole” concept. It has been observed that research regarding emerging topic detection has tended 
to primarily focus on the design of bibliometric indicators. 

2.3. Keyword-based emerging topic detection 

In recent years, there has been an increasing amount of scientific literature regarding detecting emerging research topics. However, 
there is no consensus on the definition of research topics. In general, research topics consist of coherent research problems, concepts, 
methods, and techniques related to the researchers’ discipline of interest (Braam et al.,1991). For example, the topic model was widely 
leveraged to generate research topics (Savoy, 2013; Vulić et al., 2015; Chen, 2017; Li et al., 2018; Wang et al., 2019; Wu et al., 2020). 
Keywords, as the minimum knowledge unit, were often used to represent research topics at a fine-grained level (Raamkumar et al., 
2017; Yoon et al., 2018; Ohniwa et al., 2019). Specifically, keywords have been used as a medium for quantitatively and flexibly 
tracking the trajectory of research topic evolution (He, 1999). Likewise, Xu et al. (2018) observed the transition of state in the 
evolutionary process of interdisciplinary research by analyzing keyword evolution. Peset et al. (2020) provided a detailed analysis of 
the keyword evolution process by employing the survival analysis approach and found that measuring the appearance and disap
pearance of keywords would elucidate some relevant aspects of research topic evolution. Lu et al. (2021) investigated evolutionary 
patterns of author-keywords using paper metadata to predict research topic trends in computer science. 

The emerging research topics appeared in the early stage of the entire life cycle and the adoption frequency of keywords was used to 
quantify the growth of research topics. However, it was unreasonable to utilize keyword frequency as the sole indicator when iden
tifying emerging keywords (Dang et al., 2016). Emergence capabilities should be calculated to quantify the keyword emergence de
gree. Yu et al. (2016) found that the emergence degree of new keywords rises rapidly with the development of the research field. 
Keywords with a low degree of centrality and intermediary centrality could be considered emerging in the co-word network (Yoo et al., 
2019). Certainly, novelty and fast growth were integrated when calculating emergence capability as a significant indication of 
emergence (Srinivasan, 2008; Tu & Seng, 2012; Small et al., 2014). The “energy growth index” indicator was also developed to 
characterize the evolution of keywords and identify emerging topics (Bao et al., 2015). Thus, keywords were widely adopted as proxies 
for research topics and were used to explore the evolution of research topics and identify emerging topics. 

3. Material and methods 

According to ecological niche theory, after emerging biological units have broken through a specific natural environment boundary 
and reached the minimum habitat threshold (Grubb, 1977), they have acquired life energy and can survive steadily in their ecosystem. 
Likewise, the knowledge units’ emergence capabilities also reflect a stable state in the knowledge ecosystem in addition to unified 

Fig. 1. The “Ecostate” and “ecorole” curves of ecological niches  
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concept connotations and competitive ability. In this regard, the crux of emergence detection is to determine detection points to 
measure the emergence capabilities (niche values). The “ecostate” and “ecorole” do not follow the same pattern; “ecostate” emphasizes 
the cumulative result of characteristics such as occupation and quantity, which generally follow an S-shaped curve. In contrast, 
“ecorole” primarily focuses on the ability to occupy a new habitat and characteristics such as gradient and growth rate, which exhibits 
a bell-shaped curve as shown in Fig.1. Therefore, the “ecorole” attribute of the ecological niche was adopted to measure the emergence 
capabilities of the knowledge units in the knowledge ecosystem. 

The specific research method we used is as follows in Fig. 2: First, the relative cumulative frequency of keywords was calculated to 
express the growth index, and the relative growth rate of the cumulative keyword frequency was a weighting modified method of the 
novelty indicator. Second, the intersection of the novelty indicator and the growth index curve was identified as the detection point, 
and the ecological niche value was calculated by the slope of the growth value at the detection point. Finally, the median of the niche 
values was calculated to generate a criterion so that emerging topics could be accurately detected by calculating their emergence 
capabilities. 

3.1. Sample and data 

To ensure consensus with previous studies (Tu & Seng, 2012; Lu et al., 2021), the dataset was obtained from the ACM Digital 

Fig. 2. Emerging topic detection method  

Fig. 3. Yearly distribution of keywords. The X-axis indicates the year of publication; the Y-axis is the keyword frequency.  
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Library database. It contains 231,384 keywords from 201,394 articles published between 1969 and 2018. The yearly distribution of 
keywords is shown in Fig. 3. To ensure dataset reliability, the first step is to automatically convert keywords into lowercase letters and 
to remove the spaces in front of and behind them. The second step is to solve some keywords’ abbreviations and morphologies. 

According to the research objective, detecting the emergence stage of keywords is the basic task of emerging topics detection, so the 
keywords’ entire history records were utilized to present extant life cycle stages. Keeping in mind that 65.3% of the keywords 
eventually disappeared from the scientific literature (Peset et al., 2020), we constructed an experimental dataset according to the rule 
that keywords in the emergence stage should be selected as positive samples while keywords in the embryo stage should be selected as 
negative samples. Therefore, the top N keywords in descending order of frequency were selected as the positive samples, while the 
bottom N keywords that appeared more than 10 times were selected as the negative samples. 

To verify the effectiveness and feasibility of the dataset construction, we chose the top 500 ranked keywords and employed a typical 
logistic function for the S-shaped curve fitting to ensure that keywords in the emergence stage were in the positive samples since the 
“S” shape can indicate how adoptions of new keywords grow over time (Mahajan et al., 1990; Choi et al., 2015). The formula is shown 
in Appendix A. We found that the S-shape curves for these high-frequency keywords fit well and their values are greater than 0.97. 
Therefore, this construction approach is sufficient. The “wireless sensor network” keyword is a good example and is shown in Fig. B-1 
of Appendix B. In addition, to help our readers better understand the test dataset, we provide a visual presentation of several randomly 
selected samples in Fig. B-2 of Appendix B. 

3.2. Measures of variables 

3.2.1. Differentiated novelty indicator 
As previously mentioned, the extant studies on emerging topic detection described the novelty bibliometric indicator according to 

the twofold length of time and number of publications. However, different research topics may have varying degrees of novelty in the 
same interval and it is redundant to utilize the number of publications since growth also implies an increase in publications over time. 
Therefore, this study improves the novelty indicator using a weighting modified method to differentiate novelty values for research 
topics in the same interval. The exponential decay function e− θ was adopted as a weighting modified factor where θ represents the 
relative cumulative growth rate of the adoption frequency (Coccia & Finardi, 2012) and can be calculated by ft∑t

t0
ft
. The calculation for 

the novelty indicator is shown in equation (1): 

Novelty =
1

t − t0 + 1
⋅ e

−
ft∑t

t0
ft (1)  

where t0 is the first year of non-zero frequency for the research topics in descending order, and ft represents the frequency of research 
topic in year t. 

3.2.2. Growth index indicator 
In previous studies, researchers have generally adopted a growth index to measure research topic maturity. The growth index can 

be calculated through investments and achievements in scientific research such as the number of publications, the number and amount 
of funds, and researcher attention (Srinivasan, 2008; Cozzens et al., 2010; Small et al., 2014; Porter et al., 2019). Since a keyword 
appears once in a list of literature keywords, the number of publications is a proxy of keyword frequency. Considering that different 
research fields have different levels of research productivity, this study normalized the relative cumulative frequency for the research 

Fig. 4. Curves of novelty and growth. The X-axis indicates years elapsed from the first year in which the research topic frequency was non-zero in 
reverse order; the Y-axis represents the normalized number of cumulative growths. 
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topics to compute the growth index as shown in equation (2): 

Growth = norm

(
∑t

t0
ft

)

(2)  

where norm(
∑t

t0 ft) represents the normalized relative cumulative frequency of the research topics, t0 is the first year of non-zero 
frequency for the research topics in descending order, and ft is the frequency of the research topic in year t. 

3.2.3. Emergence capability of research topics 
To calculate the research topics’ emergence capability, the first step is to identify the detection point (intersection of novelty and 

the growth curves as shown in Fig. 3), and the second step is to calculate the niche values based on the “ecorole” of the ecological niche. 
(1) Identifying the detection point 
According to niche theory, the niche value of the knowledge unit changes over time in the knowledge ecosystem. In this evolu

tionary process, the novelty of the keyword gradually decreases, and the cumulative growth gradually increases, as shown in Fig. 4. 
When placed in the same coordinate system, their normalized curves converge to a single point, which is the detection point for 
emerging topics. If the year at the intersection is a decimal, it is rounded to the nearest integer. 

(2) Calculating the niche value 
The growth rate of topic frequency was calculated to represent the emergence capability of a research topic at the detection point 

(Mazloumian, et al., 2011; Bao et al., 2015). To prevent a steep increase or decrease in a short period, the time interval used to calculate 
the niche value was set to three years, and the calculation formula is shown in equation (3). 

niche value =
fny− 1 − fny+1

fny− 1
(3)  

where ny indicates the year the niche was measured, fny− 1 is the research topics’ frequency in the year preceding ny, and fny+1 is the 
research topics’ frequency in the year following ny. 

3.3. Data analysis 

3.3.1. The analysis procedure 
To verify our novel ideas, the method from Tu et al. (2012) was carefully selected as the comparative exemplary (hereinafter called 

the benchmark). Three primary reasons were considered: First, only the novelty and growth bibliometric indicators were proposed for 
identifying emerging topics, which can reduce the method’s complexity. Second, the chosen method also extracts keywords to 
represent research topics. Third, Tu’s article has significant representativeness and impact; it was not only published in a high-quality 
journal but was also cited approximately 94 times in Google Scholar (up to 31 October 2021). The analysis procedure includes three 
steps. We first conducted a contrastive analysis of the niche baselines, which were calculated to generate a criterion for emerging 
topics. Then, we demonstrated the effectiveness of ETDEN based on our test dataset. Finally, we further verified the effectiveness and 
feasibility using three terms, namely the emergence time point and the pre-and post-emergence growth rate. We also provided case 
illustrations for interpretation. 

3.3.2. Niche baseline analysis 
The median of the niche values is considered the threshold value for identifying emerging topics. The threshold values for each year 

were connected to form the “niche baseline.” In a given year, if the niche value for a research topic was higher than the niche baseline 
for the first time, this research topic was identified as an emerging topic in that year. 

In Figs. 5 and 6, the x-axis indicates the number of years elapsed from the first year in which the research topic frequency was non- 
zero in reverse order. The y-axis represents the niche values or the emergence capabilities. In Fig. 6, the emergence capabilities of 

Fig. 5. ETDEN niche baseline  
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research topics first rise rapidly and then gradually decline. The data exhibits a bell-shaped curve that agrees with the varying curve of 
the niche “ecorole”. Fig. 7 shows that the research topics’ emergence capabilities are the highest in the first year and then gradually 
decrease. 

In contrast, the niche baseline of ETDEN is much more coincident with the dynamic evolution of knowledge populations in the 
knowledge ecosystem. In addition, comparing the top N values showed that the smaller the value of N was, the more prominent the 
peak of the bell-shaped curve was. This phenomenon is consistent with ecological niche theory—a smaller N indicates that the fre
quency of the selected keywords is higher. The emergence capabilities of keywords are stronger in the same period. However, for the 
niche baseline of the benchmark, different values of N are nearly indistinguishable in the early stage. Therefore, ETDEN is more in 
agreement with the evolutionary law for research topics in the knowledge ecosystem, making it more accurate when detecting 
emerging topics. 

3.3.3. Results analysis 
To verify the performance of the ETDEN method, the dataset was divided into five groups according to keyword frequency. In 

accordance with the experimental data construction strategy, the top N keywords were selected as positive samples and the bottom N 
were selected as negative samples; both sets of samples were in reverse order. As shown in Table 1, the values of N were set to 0.05%, 
0.1%, 0.5%, 1% and 1.5%, and the corresponding number of positive and negative samples was 119*2, 238*2, 1190*2, 2381*2, and 
3571*2, respectively. If the niche value for one research topic was higher than the niche baseline for the first time, the research topic 

Fig. 6. Benchmark niche baseline  

Fig. 7. Performance evaluation of ETDEN and the benchmark  

Table 1 
Performance of ETDEN and the benchmark  

N-value Number Benchmark ETDEN   

Precision Recall F1 Precision Recall F1 

0.05% 119*2 0.5022 0.9664 0.6609 0.7532 0.9747 0.8498 
0.1% 238*2 0.4898 0.9580 0.6561 0.7541 0.9664 0.8471 
0.5% 1190*2 0.4857 0.9244 0.6368 0.7006 0.9142 0.7933 
1% 2381*2 0.4800 0.9034 0.6269 0.6784 0.8727 0.7634 
1.5% 3571*2 0.4741 0.8804 0.6163 0.6517 0.8421 0.7348 

Note: ETDEN is an emerging topic detection method based on ecological niches. F1 was calculated by 2 * Precision * Recall / (Precision + Recall). 
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was identified as an emerging topic during that time. However, some positive samples had lower niche values than the niche baseline 
and the niche values of some negative samples were higher than those of the niche baseline in the extant history span. We used P 
= TP /TP+FP and R = TP /TP+FN to calculate the precision and recall, respectively. TP indicates the number of positive samples in 
the prediction results, FP suggests the number of negative samples that were identified as positive samples, and FN is the number of 
negative samples in the prediction results. The results are shown in Table 1. 

As shown in Table 1, the F1 scores for ETDEN are higher than those of the benchmark in all five groups, which indicates that ETDEN 
better distinguishes emerging topics. To further demonstrate the effectiveness of ETDEN, we compared the time point of emergence 
and the reliability of the identified emerging topics, namely, whether ETDEN can more accurately measure the emergence capabilities 
of research topics and detect the time point of emergence earlier than the benchmark. An increase in research topic frequency is the 
most direct indication of emergence Choi et al., 2015). Therefore, the pre-and post-emergence growth rates were utilized to quantify 
the development potential and trend of emerging topics, as shown in equations (5) and ((6). 

rbe =
ft − ft− 1

ft− 1
(5)  

rae =
ft+1 − ft

ft
(6)  

where rbe represents the pre-emergence growth rate of the keyword frequency, rae is the post-emergence growth rate of the keyword 
frequency, andft is keyword frequency in year t. 

We compared ETDEN with the benchmark by analyzing the effectiveness and feasibility using three terms: the emergence time 
point and the pre-and post-emergence growth rate. The 1,850 emerging keywords identified by the two methods were statistically 
analyzed, and the results are shown in Fig. 7. 

As shown in Figure 7, in contrast with the benchmark, ETDEN identified more emerging topics earlier, and the identified emerging 
topics had a higher growth rate before emergence and a stronger growth trend. (1) For the emergence time points, 40.27% of the 

Fig. 8. Experimental results examples 
Note: the red square is the emergence point identified by ETDEN and the black circle is the emergence point identified by the benchmark. 
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emerging topics identified by ETDEN were identified earlier than those identified by the benchmark, while 30.89% of the emerging 
topics identified by the benchmark were identified earlier than by ETDEN. (2) Using ETDEN, 57.41% of the identified emerging topics 
had higher pre-emergence growth rates than those found by the benchmark, while 11.57% of the emerging topics had higher pre- 
emergence growth rates when using the benchmark as opposed to ETDEN. The two cases are shown in Figs. 8 (a) and (b). (3) 
Using ETDEN, 39.57% of the emerging topics had higher post-emergence growth rates than those found by the benchmark, while 
29.72% of the emerging topics had higher post-emergence growth rates when using the benchmark as opposed to ETDEN, as shown in 
Figs. 8 (c) and (d). (4) Overall, 23.46% of the emerging topics identified by ETDEN exceeded the benchmark on all three of these 
aspects, while only 5.68% of the emerging topics identified by the benchmark are higher than those identified by ETDEN. 

4. Results and Discussion 

When reviewing the literature, an increasing number of bibliometric indicators have been proposed to detect emerging topics. 
However, there is no consensus among these bibliometric indicators, and there is a lack of specific dimensions for classifying them. 
Thus, it is essential for the basic theory or approach to establish solid linkages between the concept of emergence and the proposed 
operationalization indicators. In contrast with the past, academic big data revived the idea of an “ecology of science” by mining 
potential laws with sufficient accuracy. The ecological niche was introduced to detect emerging topics by viewing keywords as being 
analogous to a living body and mapping them to a knowledge ecosystem. More precisely, the “ecostate” and “ecorole” attributes of 
ecological niches roughly classify these bibliometric indicators into two groups. The primary contributions of our paper are that we re- 
examined emerging topic detection from the perspective of ecological niches and proposed ETDEN, which demonstrates better per
formance when detecting emerging topics according to three characteristics: the emergence time point and the growth rate of pre-and 
post-emergence. 

In terms of basic mechanisms of growth and change in research topics, research topics have higher novelty, lower cumulative 
growth, lower influence, and a vague concept boundary in the early stage of the life cycle (Wang, 2018). With the investment of 
academic resources, the precise definitions of research topics gradually converge. Thus, researchers shed light on the characteristics of 
input and output to design quantitative indicators for emerging topics. Novelty and growth are significant indicators; the novelty trait 
involves newness, innovation, and an intrinsic ability to occupy new habitats, while growth reflects the rapid development of research 
topics such as publication volume and support through funding. Since emerging topic detection is performed in the early stage of a 
topic’s life cycle, which is associated with higher novelty and lower cumulative growth, the novelty indicator is then more decisive. 
However, the benchmark’s novelty metric was the inverse number of the time length, and different research topics may have un
differentiated novelty values in the same interval. We can observe that research topics with bigger and smaller cumulative frequencies 
have similar niche value curves in Fig. 7. Therefore, this study improves the novelty indicator using a weighting modified method to 
differentiate the novelty values of research topics in the same interval. The cumulative growth rate was calculated as a weighting from 
the “ecorole” perspective to resolve the problem of identical novelty values in the same interval. 

Additionally, the extant indicators of emerging topic detection have no consensus and arbitrary selectivity, which may result in a 
lack of well-established linkages between the concept of an emerging topic and the operationalization indicators. It is our belief that a 
conceptualization of basic mechanisms can provide the intellectual framework to interlink and piece together the many indicators in 
existence, leading to a more comprehensive description and understanding of the nature and dynamics of emerging research topics. In 
a sense, academic big data revived the idea of an “ecology of science” through the discovery of potential laws that exhibited sufficient 
accuracy. Furthermore, according to the population ecology perspective, ecological niche theory is an analytical framework for 
explaining and describing how individuals adapt to their habitat based on common environmental resource patterns over a period. The 
“ecorole” and “ecostate” are two core properties of the ecological niche theory. In particular, the “ecorole” is more in agreement with 
the concept of emergence, which emphasizes intrinsic transformation; this study therefore calculated the slope value of growth at the 
detection point to represent the emergence capability of keywords from the “ecorole” attribute. Therefore, we improved the novelty 
metric and recalculated the emergence capabilities (the value of the detection point) based on the “ecostate” and “ecorole” attributes. 
We believe that these findings can extend the research regarding emerging research topic detection and benefit research foundations 
and policy-makers. 

5. Conclusion 

This paper proposed a novel emerging topic detection method based on ecological niches from the perspective of knowledge 
ecology. Specifically, the research method for emerging topic detection was extended to provide two dimensions for classifying 
bibliometric indicators based on the “ecostate” and “ecorole” twofold attributes of ecological niches. In addition, the novelty indicator 
was improved by a weighting modified method that differentiates the novelty values of research topics in the same interval; addi
tionally, the slope value of growth at the detection point was calculated to represent the emergence capability. The experimental 
results demonstrated that the differentiated novelty indicator proposed in this study helps to detect the emergence time point of 
emerging topics as early as possible and differentiate the novelty values of keywords in the same interval. The niche baseline is more in 
agreement with the evolutionary law of research topics due to its calculation of niche values from the perspective of the “ecorole”. 
ETDEN demonstrates better performance when detecting emerging topics in terms of three characteristics: the emergence time point 
and the growth rate of pre-and post-emergence. 

This study has significant theoretical and practical implications. In theoretical terms, this study extends the idea of emerging topic 
detection by providing two dimensions for classifying bibliometric indicators based on the “ecostate” and “ecorole” attributes of 
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ecological niches. In a sense, we attempted to investigate the basic mechanisms of growth and change regarding emerging research 
topics. In practical terms, this study can help scientific policymakers to monitor areas of potential expenditure for scientific research. In 
addition, we created a bridge between quantitative and qualitative studies regarding emerging research topic detection. Although this 
paper proposed a novel method with better performance when detecting emerging topics, some shortcomings need to be improved in 

Fig. B1. S-shaped curve fitting of wireless sensor network. The X-axis indicates the number of years elapsed from the first year in which the research 
topic frequency was non-zero in reverse order; the right Y-axis represents the normalized number of cumulative frequency and the left is 
yearly frequency. 

Fig. B2. Examples of positive and negative samples.  
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future work. Future research can add to the method’s complexity and incorporate various bibliometric indicators, such as community 
and scientific impact, to further verify the effectiveness and feasibility of these novel ideas from a knowledge ecology perspective. 
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Appendix A 

A typical logistic function for S-shaped curve fitting was employed to ensure that keywords in the emergence stage were grouped 
with the positive samples since the “S” shape can indicate how the adoption of new keywords grows over time (Mahajan et al., 1990; 
Choi et al., 2015). The equation is as follows: 

f (x) =
k

1 + aebx  

where x is the cumulative frequency of keywords in an annal year, and a,b,kare constants. 

Appendix B 

Fig. B-1. S-shaped curve fitting of “wireless sensor network”. The X-axis indicates the number of years elapsed from the first year in 
which the research topic frequency was non-zero in reverse order; the right Y-axis represents the normalized number of cumulative 
frequency and the left is yearly frequency. 

To help the reader better understand the test dataset, we randomly selected two positive samples, which are shown in Figs. B-2(a) & 
(b), and two negative samples, which are shown in Figs. B-2(c) & (d). In Fig. B-2(a), the niche value “human factor” is higher than the 
niche baseline in the 10th year. In Fig. B-2(b), “human computer interaction” emerges in the 7th year. In Fig. B-2(c) & (d), both 
negative samples are still lower than the niche values of the niche baseline. 

Fig. B-2. Examples of positive and negative samples 
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