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a b s t r a c t 

Knowledge diffusion is a significant driving force behind discipline development and techno- 
logical innovation. Keyword is a unique knowledge diffusion trajectory, in which the sleeping 
beauty phenomenon sometimes appears. In this paper, we first put forward the concept of Key- 
word Sleeping Beauties (KSBs) on the basis of the scientific literature phenomenon of sleeping 
beauties. Then, we construct a parameter-free identification method to distinguish KSBs based 
on beauty coefficient criteria. Furthermore, we analyze the intrinsic and extrinsic influencing 
factors to explore the awakening mechanism of KSBs. The experiment results show that sleeping 
beauty phenomena also exist in the keyword diffusion trajectory and 284 KSBs are identified. The 
depth of sleep has a positive correlation with awakening intensity, while the length of sleep has 
a negative correlation with awakening intensity. In the two years of pre-awakening, KSBs tend to 
appear in the journals with a higher impact factor. In addition, the adoption frequency and the 
number of KSBs both increase obviously in the one year of pre-awakening. The findings of this 
paper enrich the patterns of knowledge diffusion and extend academic thinking on the sleeping 
beauty in science. 

 

 

 

 

 

 

 

 

 

1. Introduction 

Knowledge diffusion is a significant driving force behind discipline development and technological innovation ( Zheng, Pan, & 

Sun, 2019 ). It is of great theoretical and practical value to investigate the process of knowledge diffusion ( Del Giudice, Della Peruta,
& Maggioni, 2015 ; Liu, et al., 2020 ). To our knowledge, sleeping beauty in science is a specific pattern of knowledge diffusion,
which signifies a unique knowledge diffusion trajectory after the publication of scientific literature ( Hou & Yang, 2020 ). The citation
network is widely adopted for investigating the diffusion trajectory of scientific knowledge ( Braun, Glänzel, & Schubert., 2010 ; Lockett
& McWilliams, 2005 ). However, knowledge diffusion is represented not only by the citation network but also by other means such
as keyword adoption ( Xu et al., 2018 ) and author collaboration ( Wang, et al., 2015 ; Yang, Hu & Liu 2015 ). 

Keywords have been used to uncover evolution laws of some research domains ( Choi, Yi, & Lee, 2011 ; Ord, et al., 2005 ; Xu et al.,
2018 ) since they were deliberately selected or created by authors to correctly express the subject matter of papers ( Griffiths &
Steyvers, 2004 ; Kim et al., 2013 ; Yang, Li, & Huang, 2018 ). Researchers have often regarded keywords as independent research
topics in some studies of topic evolution ( Duvvuru et al., 2013 ; Li & Yan, 2019 ; Osborne & Motta, 2015 ). Zhang et al. (2016a) and
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Zhang et al. (2016b) confirmed that author-keywords were more likely to represent research topics. More importantly, keywords 
have also been used as a medium for quantitatively ( Callon, Law, & Rip, 1986 ) and flexibly ( He, 1999 ) tracking the trajectory of
knowledge diffusion. Keywords, as the smallest units of knowledge, have been used to express specific concepts intuitively and clearly,
which is conducive to discovering the intricate patterns of sleeping beauty at the micro-level. González et al., (2018) found some
keywords that had been considered to be dead appeared subsequently during their study of keyword survival analysis. In addition,
it takes a while for a published article to be quoted ( Gou et al., 2021 ; Mariani, Medo, & Zhang, 2016 ), which affects the accurate
understanding of sleeping beauty from the perspective of the knowledge diffusion process. Thus, the citation relationship based on
coarse-grained scientific literature was not conducive to revealing the fundamental rules of sleeping beauty in science. In contrast,
in terms of time-sensitivity, keywords are timelier and more effective in the diffusion of knowledge. For example, when a keyword
appears at different periods, it means the knowledge carried by the keyword is proliferating. Therefore, it is motivating to explore
the sleeping beauty concept based on fine-grained keywords. 

The “resurrection keywords ” were also discovered during the keyword survival analysis. Peset et al. (2020) unexpectedly found 
the re-emergence of 3% of keywords judged to be dead and assumed that these might be keyword sleeping beauties (KSBs). With
that in mind, this paper further explored sleeping beauty in science based on the keyword diffusion trajectory. Accordingly, we re-
examined the scientific concept, identification method, and awakening factors of KSBs from the perspective of fine-grained keywords. 
In summary, this study extends academic thinking on the sleeping beauty in science at the fine-grained level. The main contributions
are as follows: 

1) We propose a new idea for investigating sleeping beauties in science and redefine their concepts at the granularity level of
keywords. 

2) Based on the survival analysis method, we compensate the defects of the beauty coefficient criterion by penalizing the early
adoptions and propose an improved identification method for distinguishing keyword sleeping beauties. 

3) We explore the awakening mechanism of the keyword sleeping beauties based on intrinsic and extrinsic factors. 

The remainder of this paper is structured as follows. Section 2 contains twofold surveys on a review of sleeping beauty criteria
and its awakening mechanism as well as the novel perspectives of sleeping beauty. Section 3 introduces the data and methodology
we used to identify KSBs. Section 4 presents the results of identifying KSBs and analyzing the factors which influence the awakening
of KSBs. Section 5 mainly discusses the differences between KSBs and traditional sleeping beauty, the semantic problem of keywords
whether it influences the experiment results, and the awakening mechanism and princes. Finally, we conclude with an overview of
our findings and provide future research in Section 6. 

2. Related work 

2.1. A review of sleeping beauty criteria and its awakening mechanism 

Van Raan (2004) described the phenomenon of delayed recognition as sleeping beauty in science and proposed three elements to
identify sleeping beauties, namely depth of sleep, length of sleep and awakening intensity. On the basis of the three citation modes
proposed by Van Dalen and Henkens (2005) , Costas et al. (2010) further developed the quartile-based criteria, which classified
the literature with the citation mode of the “slow increase and slow decrease ” as sleeping beauties. By strictly defining the three
elements of sleeping beauty, Li and Shi (2016) introduced a “boost effect ” to devise rigorous formulaic identification criteria to avoid
premature identification. On the other hand, researchers attempted to investigate the sleeping beauty criteria without parameters. 
For example, Li et al. (2014) adopted adjustment of the Gini coefficient to calculate the inequality of “heartbeat spectrum ”. After that,
Sun, Min, and Li (2016) used an adjustment of the Gini coefficient for measuring the inequality of citation distribution to recognize
sleeping beauties. Moreover, by using the ideas of mathematical linear programming optimality, Ke et al. (2015) proposed a “beauty
coefficient ” (B index) approach of the parameter-free measure to indicate the possibility for being a sleeping beauty. In reference to
the “beauty coefficient ” (B index), Du and Wu (2018) developed a novel “beauty coefficient percentage ” (Bcp index) by improving
yearly citations as a yearly accumulative percentage of citations. Sleeping beauty criteria could include the following twofold, namely
the criteria with parameter and the parameter-free criteria. 

As components of the sleeping beauty research, it is essential to analyze and understand how sleeping beauties are awakened.
The concept of “Prince ” was introduced at the same time as sleeping beauties ( Van Raan, 2004 ). According to the definition of
“Prince ” literature, Braun, Glänzel, and Schubert (2010) significantly found the average impact factor of journals was higher for 
“Prince ” literature during analyzing the awakening mechanism. Ohba and Nakao (2012) further made a rigorous definition of “Prince ”
literature and found self-citation might be an important impact factor for awakening the sleeping beauties. Since scientific literature
of sleeping beauty might be likely to be cited by patent literature, the scope of “Prince ” has been extended in the term of document
types ( Van Raan, 2015 , 2017 ; Van Raan, & Winnink, 2018 ). The “Prince ” of sleeping beauties also involved some patents besides
academic literature. 

There are merits and demerits to each kind of sleeping beauty criteria. Although the criteria with parameters require a fix-threshold
value which is subjective, we could receive detailed effects of three elements of sleeping beauties, i.e., the characteristics of sleeping
beauties for different depths of sleep, lengths of sleep, and awakening intensities. The parameter-free criteria involve few subjective
threshold values so that it provided a common model to identify sleeping beauties. The awakening of sleeping beauties is influenced by
several factors. The journal impact factor and document type both had a significant influence on the awakening of sleeping beauties.
2 
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Our study, therefore, integrates two types of identification methods and analyses the awakening mechanisms of sleeping beauties 
from a journal perspective. 

2.2. The novel perspectives of sleeping beauty 

The sleeping beauty phenomenon is widely presented in different disciplines. Specifically, researchers have explored this phe- 
nomenon in different domains, such as medicine ( El Aichouchi & Gorry, 2018 ), biology ( Ke, 2018 ), computational science ( Dey et al.,
2017 ), and internet business ( Teixeira, Fonseca, & Vieira, 2020 ). Although sleeping beauty was first discovered in journal papers,
researchers have continued to explore this topic in different types of documents. Teixeira, Vieira, and Abreu (2017) selected inno-
vative journals to explore the sleeping beauty literature therein and attempted to explain their genesis and inherent mechanisms of
being awakened. Van Raan (2017) investigated sleeping beauties of scientific literature that are cited in patents to find potential
sleeping innovations. Further, Hou and Yang (2019) constructed a quantitative model to identify the sleeping beauties on the concept
of “all-elements -sleeping-beauties ” ( Li, 2014 ; Li &Ye, 2012 ) from the perspective of patents. Du, et al. (2020) predicted early indi-
cations of the sleeping beauty journal literature based on the citation relationship between patents and journal literature. Hou and
Yang (2020) defined sleeping beauties in science based on a new diffusion trajectory by using social media metrics and investigated
an awakening mechanism for sleeping beauties from the perspective of social media ( Hou, Li, & Zhang, 2020 ). 

The patent text has demonstrated the “sleeping beauties ” phenomenon. Likewise, sleeping beauties have been identified at the 
fine-grained level. Delayed recognition has already appeared in early studies of information diffusion, and Wang et al. (2015) used 
a novel concept of “information sleep ” in the context of the sleeping beauty study from the information diffusion perspective. The
sleeping beauty phenomenon was also exhibited in the process of online information diffusion ( Zhang, Xu, & Zhao, 2017 ; Zheng, Pan,
& Sun, 2019 ). Du, et al. (2020) investigated the object of knowledge delayed recognition research at the fine-grained level. In the
concept level, Van Raan (2015) analyzed the cognitive environment of sleep beauties by measuring all co-occurrences of any possible
pair of concepts. In the subsequent research, concept maps and citation-based maps have strengths for discovering the awakening
mechanism and other important application-oriented research directly related to sleeping beauty ( Van Raan, 2017 ). From this, we
could see that the concept maps were leveraged for making an in-depth analysis of sleeping beauties and their awakening mechanism.
In addition, it was found that fine-grained units such as information, knowledge entities, and discipline topics commonly undergo
a period of hibernation before a sudden outbreak of popularity. In particular, the concept maps were constructed to analyze the
sleeping beauties by measuring all co-occurrences of any possible pair of concepts, which inspires the idea of understanding the
sleeping beauty at a fine-grained level. 

3. Data & Methodology 

3.1. Data collection and processing 

The data for this study was gained from an open dataset in the field of LIS submitted by Peset et al. (2018) . To ensure data
reliability, the first step is to automatically convert to lowercase letters and remove the spaces in front of and behind the keywords.
The second step is to solve the abbreviation, morphology, and synonym of some keywords, for example, we unified the “part of
speech blocks ” and “POS blocks ” into “part of speech blocks ”, “distortion rate ” and “rate distortion ” into “distortion rate ”. Then, new
keyword data was first extracted in the period of 1990-1999, which consists of four columns, namely keywords, year of publication,
source title, and ISSN. A total of 7,136 new keywords were collected, which appeared for the first time in the initial year. Then, the
history data of all new keywords were used for identifying KSBs between 1990 and 2014. 

In terms of morphology, since keywords generally end in nouns, we only unified the singular with the plural for the keywords.
In general, stemming is one of the more popular methods to unify keyword morphology, but the lexical diversity of keywords is also
destroyed. For example, “indexing ” and “index ” have the same etyma, but they represent two different concepts in the information
retrieval domain. 

3.2. Defining concepts of KSBs 

Van Raan (2004) defined the concepts of sleeping beauty in science, including depth of sleep, length of sleep, and awakening
intensity. To explore sleeping beauties from a fine-grained perspective, we first defined the keyword sleeping beauties (KSBs) on the
basis of the scientific literature phenomenon of sleeping beauties and redefined characteristics of KSBs, and the corresponding metrics 
are shown in Fig. 1 . 

1) Definition of KSBs 

At the granularity level of keywords, we employed a keyword diffusion trajectory to describe the KSBs and quantify the approval
degree through the keyword adoption frequency. 

1) Depth of sleep 

Depth of sleep refers to how low is the frequency of keyword adoption. Specifically, it can be expressed as the average value
of adoption frequency ( 𝐴𝐹 ) divided by the maximum value of adoption frequency during the sleeping period ( 𝑚𝑎𝑥 

𝑡 𝑎 − 𝑡 0 
( 𝐴𝐹 ) ), namely

𝐴𝐹 ∕ 𝑚𝑎𝑥 
𝑡 𝑎 − 𝑡 0 

( 𝐴𝐹 ) . 
3 
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Fig. 1. The characteristics of keyword sleeping beauties. 
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1) Length of sleep 

Length of sleep is the period experienced from the appearance of the keyword to the rapid acquisition of a large amount of
attention, and it can also be described as the duration experienced from the first appearance of the keyword to awakening, namely
( 𝑡 𝑎 − 𝑡 0 ). 

1) Awakening intensity 

Awakening intensity refers to the degree of state shift from sleeping to awakening, which could be formulated as the cumulative

frequency of keyword adoption in the three years of post-awakening ( 
𝑡 𝑎 +3 ∑
𝑡 𝑎 

𝐴𝐹 ) divided by that in the one year of pre-awakening

( 
𝑡 𝑎 ∑

𝑡 𝑎 − 1 
𝐴𝐹 ), namely 

𝑡 𝑎 +3 ∑
𝑡 𝑎 

𝐴𝐹 ∕ 
𝑡 𝑎 ∑

𝑡 𝑎 − 1 
𝐴𝐹 . 

3.3. KSB identification 

As mentioned in related work, extant sleeping beauty criteria were divided into criteria with parameters and parameter-free 
criteria. However, criteria with parameters were rules of thumb that summarized by citation count the papers received, and are
not suitable for distinguishing fine-grained KSBs. Therefore, this paper integrated the survival analysis method based on the beauty
coefficient parameter-free criteria to design a suitable KSB identification method. 

3.3.1. Keyword survival analysis 

Survival analysis is a branch of statistics for investigating the expected duration of time until one or more incidents happen which is
widely utilized in medicine, economics, engineering science, social science, and other domain-specific fields ( Singer & Willett, 1993 ).
Peset et al. (2020) applied a survival analysis method to calculate the survival probability of new keywords over the following 10
years. To adapt the analysis of the survival time of the keywords, the survival analysis function proposed by Kaplan-Meier was
improved and re-designed ( González et al, 2018 ); i.e., after a specific time point t, the status of some keywords changed from 1 to 0.
The proportion of keywords whose status remained 1 after time t was calculated using the following formula (1): 

𝑆( 𝑡 ) = 

∏
𝑖 ∶ 𝑡 𝑖 ≤ 𝑡 

( 

1 − 

𝑑 𝑖 

𝑛 𝑖 

) 

(1) 

Where 𝑡 𝑖 is the interval time, 𝑑 𝑖 represents number of keyword status changes, and 𝑛 𝑖 indicates the element whose state remains equal
to the original value 1. 

Keyword survival analysis utilizes the whole history data of a keyword, which could compensate for the defects of the beauty
coefficient criterion to penalize premature accumulation. The KSBs are special keywords beyond the routine, just as many sleeping
papers are not awakened ( Van Raan, 2004 ) so that they barely become sleeping beauty papers. The keywords that have not been
awakened are regarded as dead keywords in survival analysis. Therefore, this study used the sleeping duration over the average
survival time of all keywords as a penalty condition for premature accumulation to distinguish KSBs. 

3.3.2. The identification method for KSBs 

The keywords collected were first scrubbed according to the rules in part 3.1, and then the beauty coefficient criterion was
utilized to find out the linear equation (2) of the primary function from the initial year ( 𝑡 0 ) to the year with a maximum value of
adoption frequency ( 𝑡 𝑚 ). After that, we calculated the B value, which represents the cumulative difference between the equation of
4 
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Fig. 2. Diagram of improved beauty coefficient criteria. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

the line and the actual value, using equation (3) , i.e., the integral area formed by cutting the real line to the curve in Fig. 2 , and used
equations (4) and (5) to determine the point in time when the sleeping keyword is awakened; 𝑡 𝑎 − 𝑡 0 is length of sleep time: 

𝓁 𝑡 = 

𝑐 𝑡 𝑚 
− 𝑐 0 

𝑡 𝑚 
⋅ 𝑡 + 𝑐 0 (2) 

𝐵 = 

𝑡 𝑚 ∑
𝑡 =0 

𝑐 𝑡 𝑚 
− 𝑐 0 
𝑡 𝑚 

⋅ 𝑡 + 𝑐 0 − 𝑐 𝑡 

max 
{
1 , 𝑐 𝑡 

} = 

𝑡 𝑚 ∑
𝑡 =0 

𝓁 𝑡 − 𝑐 𝑡 

max 
{
1 , 𝑐 𝑡 

} (3) 

𝑑 𝑡 = 

|||( 𝑐 𝑡 𝑚 − 𝑐 0 ) 𝑡 − 𝑡 𝑚 𝑐 𝑡 + 𝑡 𝑚 𝑐 0 
|||√ 

( 𝑐 𝑡 𝑚 − 𝑐 0 ) 2 + 𝑡 2 
𝑚 

(4) 

𝑡 𝑎 = arg 
{ 

max 
𝑡 ≤ 𝑡 𝑚 

𝑑 𝑡 

} 

(5) 

Where 𝑑 𝑡 is the distance from the point on the curve to the line, 𝑡 𝑎 indicates awakening time point, 𝑡 𝑚 is the year with a maximum
value of adoption frequency, 𝑐 𝑡 𝑚 is the maximum value of adoption frequency, 𝑐 0 is the adoption frequency in the initial year, t is the
age of the keywords, and 𝑐 𝑡 represents adoption frequency of keywords in the t th year. 

Finally, we found the distribution of B values calculated by the formula (3) follows power-law distribution and decided to adopt
this rule for identifying KSBs based on long-tail theory. The method for identifying KSBs is shown in Fig. 3 . 

4. Results of KBS identification 

In order to identify KSBs, we first need to sort out the history data of each keyword, so that the new keywords from 1990 to 1999
can be identified from the keywords appearing in 1990 to 2014. 

4.1. Beauty coefficient 

According to the parameters of the beauty coefficient criterion, the maximum and initial value of adoption frequency are used to
construct the linear equation. Then the B value can be calculated by the formula (3). Some of the results are shown in Table 1 . 

By analyzing the distribution of B values, it was found that the keyword B values excluding the zero follow a power-law. Further-
more, to verify the power-law distribution, we employed four representative fitting functions from the statistical analysis software 
Origin 8.5 ( Stevenson, 2011 ) to fit the B values that appeared in 1990-1999, respectively. Taking the B values in 1990 as an example,
the fitting results are shown in Table 2 . 

According to the goodness-of-fit condition that larger 𝑅 

2 and F values indicate better curve fitting, it can be seen that the power
function model ( 𝑅 

2 = 0.8939, F = 1010.8042) has the best fit, but the quadratic function also has a good fit when comparing the fitting
results of the four models in Table 2 . To further determine the distribution function of B values, we fit power and quadratic functions
to the 1990-1999 data, respectively. The distributions of 𝑅 

2 are shown in Fig. 4 . 
The mean value of the power function 𝑅 

2 is greater than that of the quadratic function (0.88 > 0.87) and the standard deviation of
the 𝑅 

2 is less than that of the quadratic function (0.036 < 0.051). In addition, as shown in Table 3 , the mean values of the quadratic
coefficients a, b and the constant c are 73.38, -1.68, and 0.01 respectively. Additionally, the mean of a values is nearly 43 times that
of b values. 
5 
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Fig. 3. Identification method of KSBs. 

Table 1 

The beauty coefficient of new keywords in 1990. 

keyword B value keyword B value 

information management 168.14 management 69.71 
electronic medium 142.70 cooperation 66.73 
leadership 130.07 computational modeling 63.00 
budget 125.70 philosophy 62.78 
machine learning 96.62 index 61.04 
critical thinking 93.99 writing 60.67 
information security 93.55 principal component analysis 58.46 
creativity 90.19 bibliography 52.37 
user 88.11 game theory 50.79 
productivity 83.87 linguistics 50.69 
competition 72.28 uncertainty 50.62 

Note: See all results at https://doi.org/10.6084/m9.figshare.14393249.v1 . 

Table 2 

The model functions and parameter values. 

Model name equation R-square F value 

Allometric1 𝑦 = 𝑎 𝑥 𝑏 0.8939 1010.8042 
Exp1p2Md 𝑦 = 𝐵 𝑥 -1.0350 7.7435 
Parabola 𝑦 = 𝑐 + 𝑏𝑥 + 𝑎 𝑥 2 0.8900 649.2300 
Logarithm 𝑦 = ln ( 𝑥 − 𝐴 ) -0.1610 91.1145 

Fig. 4. 𝑅 

2 values distribution of power and quadratic functions. 
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Table 3 

Fitting parameter values of the quadratic function. 

Parameter 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 

a 110.19 94.41 84.02 67.69 94.72 78.16 53.55 50.38 46.09 34.56 
b -2.55 -3.13 -2.88 -2.64 -2.50 -1.50 -0.36 -0.42 -0.51 -0.27 
c 0.02 0.03 0.03 0.03 0.02 0.01 0.00 0.00 0.00 0.00 

Table 4 

Average survival time of keywords for each group. 

Groups Means Std. Error Lower Bound Upper Bound 

1990 11.59 0.561 10.49 12.691 
1991 9.996 0.609 8.803 11.189 
1992 9.996 0.592 8.836 11.156 
1993 9.079 0.57 7.963 10.196 
1994 9.656 0.499 8.678 10.633 
1995 8.407 0.384 7.655 9.159 
1996 8.136 0.204 7.736 8.536 
1997 6.621 0.184 6.26 6.982 
1998 5.809 0.176 5.465 6.154 
1999 6.281 0.178 5.931 6.631 

Fig. 5. Plot of keyword survival function between 1990 and 1999. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

According to the above analysis, it can be seen that B values distribute like a power law, following the formula 𝑦 = 𝑎 𝑥 𝑏 ,where y
indicates the B values; x is the inverse serial number; a, b are the constants estimated from the domain data set. It means that there
are only a few keywords with a high B value and mounts of keywords with a small B value, which alludes to the fact that sleeping
beauties are scarce. Since the B value is used to measure the possibility of sleeping beauties, the top 20% of keywords are considered
to be the candidate KSBs considering the power-law distribution of B values. It is worth noting that the top-n could be adjusted as
required. 

4.2. The results of keyword survival analysis 

To compensate for the drawback that the beauty coefficient criterion has failed to penalize premature growth, we treated sleeping
duration exceeding the average survival time of all keywords as a penalty condition for early accumulation. Firstly, we extracted
the keywords that appeared for the first time in their history data from 1990 to 1999. Secondly, the frequency of new keywords
was calculated in each year, and the death year is the time when the adoption frequency is not zero for the first time in descending
order. Finally, the survival time was calculated by using the Kaplan-Meier analysis in SPSS 22 with the initial year (1990-1999) as the
“treatment group ” and the survival time and survival status (disappearance as “1 ” and presence as “0 ”) as the variables. The average
survival time for each group is shown in Table 4 , and the overall survival time distribution is shown in Fig. 5 . 

In Table 4 , the mean survival time of new keywords was different in each group within the 95% confidence interval, and the
p-values for the A log-rank test and Wilcoxon test were less than 0.001. The survival time of keywords is correlated with the age
of the grouping data. Therefore, the grouping calculation should be performed on the average survival time to penalize premature
accumulation. 
7 
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Table 5 

KSBs and their characteristic values. 

Keyword year Depth of sleep Length of sleep Awakening intensity 

machine learning 1990 7.91 22 9.71 
competition 1990 22.22 22 15.00 
information security 1990 14.29 21 12.33 
creativity 1990 14.47 21 23.00 
user 1990 25.00 20 13.00 
... ... ... ... ... 
bias 1999 12.44 9 12.00 
journal 1999 12.14 9 8.00 
advertising 1999 25.60 8 8.00 
scientific journal 1999 24.00 8 14.00 
text mining 1999 33.45 7 12.50 
knowledge creation 1999 26.67 7 19.00 
scholarly communication 1999 20.57 7 13.00 

Note: For all KSBs see https://doi.org/10.6084/m9.figshare.14393249.v1 . 

Table 6 

Correlations among the depth of sleep, awakening intensity, and length of sleep. 

Data item Correlation parameter Depth of sleep Awakening intensity Length of sleep 

Depth of sleep 
Pearson Correlation 1 0.228 ∗ ∗ - 0.147 ∗ 

Sig. (2-tailed) — 0.000 0.013 

Awakening intensity 
Pearson Correlation 0.228 ∗ ∗ 1 
Sig. (2-tailed) 0.000 — - 0.181 ∗ ∗ 

Length of sleep 
Pearson Correlation - 0.147 ∗ - 0.181 ∗ ∗ 1 
Sig. (2-tailed) 0.013 0.002 —

∗ ∗ . Correlation is significant at the 0.01 level (2-tailed). 
∗ . Correlation is significant at the 0.05 level (2-tailed). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4.3. The findings of awakening mechanism analysis 

According to the candidate KSBs, the average survival time of the keywords in each group was used as the penalty condition to
eliminate the candidate ones with early fast accumulating frequency, and finally, a total of 284 KSBs were identified. The length of
sleep, depth of sleep, and awakening intensity of the KSBs are shown in Table 5 . 

The awakening mechanism of sleeping beauty is one of the crucial tasks in the study of the delayed recognition phenomenon.
How to detect the KSBs as early as possible is of great interest to researchers. In general, awakening intensity is influenced by intrinsic
factors, i.e., depth of sleep and length of sleep, and external factors, i.e., journal impact and keyword distribution in the journal. As
a result, we provide the following three findings: 

(1) A correlation was observed among the depth of sleep, awakening intensity, and length of sleep. 
We performed correlation analysis among the length of sleep, depth of sleep, and awakening intensity for the 284 KSBs. It can be

seen in Table 6 that the correlation between depth of sleep and awakening intensity was 0.228 (p < 0.01), with a positive correlation
between the two, while the length of sleep was negatively correlated with the depth of sleep (-0.147, p < 0.05) and awakening intensity
(-0.181, p < 0.01), respectively. It can be noticed that the depth of sleep has a positive correlation with awakening intensity, while the
length of sleep has a negative correlation with awakening intensity. 

(2) After being published by high-impact journals, these KSBs obtained more attention and were then awakened. 
To verify this assumption, we first obtained information on journals in the field of LIS for 1990 to 2014 from the SJR (Scimago

Journal & Country Rank), which includes SJR for evaluating journal impact ( Guerrero-Bote & Moya-Anegón, 2012 ), H index, Cites /
Doc. (2years), etc. Then, the journal impact was calculated before and after the awakening of the KSBs. Since SJR, H index and cites
are different perspectives for measuring journal impact, we performed the normalization for the three impact indicators and took the
average value of the three as a criterion in this experiment. We selected the Z-score normalization method to statistically calculate
the journal impact values for six years of pre-awakening and three years of post-awakening, as shown in Fig. 6 . 

Fig. 6 shows that the impact of the journals in which KSBs were published increased significantly in the two years of pre-awakening,
which indicates that KSBs were adopted by the journals with high impact before they were awakened. And the impact of the journals
decreases after awakening in a short time. 

(3) The KSBs were not universally adopted before the awakening, and the spread trajectory in the journals was single. After KSBs
awakened, they were widely adopted, and the number of distributed journals was enhanced. 

To verify the distribution of journals during the proliferation of KSBs, we counted the adoption frequency (AF) of KSBs, and the
number of KSBs, the number of journals in which KSBs were published, etc., as shown in Table 7 . 
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Fig. 6. The calculation of the journal impact before and after awakening. 
Note: The red curve with decimals is the average value of z-score normalization. 
“-1 ” represents the 1 year of pre-awakening, “1 ” shows the 1 year. 
of post-awakening, and “0 ” annotates the awakening year in the x-axis. 

Table 7 

Distribution of journals and adoption frequency before and after awakening. 

Time Adoption frequency (AF) of KSBs Number of KSBs Number of journals Average AF in each journal Average AF of each KSB 

-6 253 105 48 5.271 2.410 
-5 415 151 71 5.845 2.748 
-4 521 167 78 6.680 3.120 
-3 596 182 86 6.930 3.275 
-2 723 212 96 7.531 3.410 
-1 982 246 105 9.352 3.992 
0 411 139 87 4.724 2.957 
1 1912 266 121 15.802 7.188 
2 2072 258 121 17.124 8.031 
3 2341 232 135 17.341 10.091 

Note: “1 ” represents the 1 year of post-awakening, “-1 ” shows the 1 year of pre-awakening, “0 ” annotates the awakening year in the “Time ”
column. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

As can be seen in Table 7 , the number of journals in which KSBs were published increased significantly in the one year of pre-
awakening, and journal number increased significantly. The average adoption frequency of each KSB also showed a significant increase 
in the one year of pre-awakening, while more KSBs were adopted, up to 86.6%. The average adoption frequency of KSBs in each
journal also showed a significant increase in the one year of the pre-awakening. The increase of journal numbers was accompanied
by the growth of keyword adoption frequency. Therefore, the growth of KSBs started quietly before awakening and it was more stable
after awakening. 

5. Discussion 

Knowledge diffusion is one kind of scientific development pattern. When the delayed recognition in science was first announced, it
was investigated from the perspective of the knowledge diffusion trajectory of the literature. Although citation relationships between 
literatures are the most direct way of characterizing knowledge diffusion trajectories, they are not the only way. Moreover, the
citation relationship is established by the selection of papers to support the ideas in the text, but the variety of citation intentions,
the possible non-existence of topic relevance between the citing and the cited literature, and the phenomenon of self-citation all have
impacts on the real value of the cited frequency. Especially, the cumulative effect of the literatures being cited over time might cause
an awakening time lag. Keywords from one literature to another also signal the diffusion trajectory of knowledge. Authors select a
limited number of keywords to indicate the research topics in conjunction with the research content of their papers. In other studies
( Van Raan, 2015 ; 2017 ), domain terms and concepts are also used to define the research topics, which brought the idea of concept-
based sleeping beauties. To the best of our knowledge, a concept generally includes multiple terms or keywords, thus keywords have
narrower semantics than their concepts. If research topics were represented by concepts, the keywords natively correspond to sub-
topics. Thus, the identification of the keyword sleeping beauty not only contributes to a deeper understanding of knowledge diffusion
patterns but also expands the researches of sleeping beauty in science from a more fine-grained perspective. 

Although keywords refine the granularity of knowledge, they also bring about the problem of polysemy and synonymy. In the
polysemy issue, there will be the following doubts: multi-semantic keywords and mono-semantic keywords are adopted with relatively 
9 
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different adoption frequencies. Multi-semantic KSBs are easier to awaken while mono-semantic ones are more difficult, which also has 
an influence on the results of sleeping beauty identification. To address this issue, we designed the experiment with the hypothesis
that the sleeping depth of multi-semantic keywords is shorter than that of mono-semantic keywords. We grouped the keywords 
according to the number of their sub-word units and calculated the sleeping depth of the identified KSBs separately. The results are
shown in Fig. A.1 . of Appendix A. The KSBs are mostly single words or two words combined, and the average difference between
the two sleeping depths is only less than 0.2%. In addition, the correlation test between the number of keyword combinations and
sleeping depth was p > 0.05. Thus, the semantics of keywords within a given domain are more specific and have little effect on the
experimental results. In the synonymy issue, to further verify whether the keywords that mean almost the same thing have existed
in the reprocessed keywords, we calculated the semantic similarity scores between reprocessed keywords. The calculation strategy 
and results are shown in Fig. A.2 . of Appendix A. By observing and analyzing the results, we find that although some keywords have
similar semantics, they still represent two different topics. There are few synonyms in our studies after reprocessing keywords. 

As a novel perspective of sleeping beauty in science, there are some consistencies and differences between the keyword sleeping
beauties and traditional sleeping beauties (sleeping beauties-based citation). In the views of internal characteristics, comparing with 
van Raan’s summaries about the length of sleep, depth of sleep, and awakening intensity ( Van Raan, 2015 ): (1) The probability of
awakening declines for longer length of sleep (2) Length of sleep matters less for the probability of awakening for less deep sleep,
we found that KSBs has the same finding that the depth of sleep has a positive correlation with awakening intensity, whereas the
correlation analysis result that the length of sleep has a negative correlation with awakening intensity is different from that of van
Raan’s sleeping beauties-based citation. Besides, the length of sleep is not less than 5 years in van Raan’s definition of sleeping
beauties, whereas the minimum of the sleeping duration of KSBs is 6 years. 

In the terms of the awakening mechanism, since the author keywords generally appear once a time in the keyword list, we
identified keywords as the princes of the KSBs within 3 years before or after in which KSBs awakens ( Dey et al., 2017 ). The detailed
process of identifying the princes of the KSBs is shown in Table A.1 of Appendix A. We found that each KSB could have about 3
princes who awaken her. Moreover, from the journal perspective, we found after being published by high-impact journals, the KSBs
obtained more attention and were then awakened. Namely, the KSBs adopted in a journal of lower impact may be spotlighted by
getting adopted in a higher impact journal, which is consistent with that of the traditional sleeping beauties ( Braun et al., 2010 ). We
also found the KSBs were not universally adopted before the awakening, and the spread trajectory in the journals was single. After
KSBs awakened, they were widely adopted, and the number of distributed journals was enhanced, which also implies that the KSBs
were paid more attention and then awakened. In order to verify the robustness of the results at the journal level, we conducted the
additional experiment in an interdisciplinary field. The results are shown in Appendix B. 

6. Conclusion 

Based on the knowledge diffusion trajectory, this study refined the description of knowledge diffusion from a fine-grained perspec- 
tive and deeply explored the diffusion pattern of the sleeping beauty phenomenon at the keyword level. Accordingly, the scientific
concept, identification method, and awakening factors of sleeping beauty are re-examined in this study. We proposed the KSB identifi-
cation method based on the previous studies of sleeping beauty. Firstly, keywords in the field of LIS were obtained and pre-processed,
and the keywords newly appearing from 1990 to 1999 were extracted as the target of the experiments. Then the beauty coefficient
criterion was implemented to calculate the B values of these keywords. Since it is a lack of punishment for the early cumulative fre-
quency that gives rise to prematurely identifying some keywords as KSBs, the average survival time of domain keywords was inserted
as one of the adjudication conditions of the KSBs. Finally, we selected the top 20% as the candidate KSBs based on the power-law
distribution of B values and combined this with the average survival time of the keywords to identify KSBs. 

For identified KSBs, we explored the factors that influenced their awakening time. In terms of internal factors, according to
the definitions of the length of sleep, depth of sleep, and awakening intensity, we calculated the values of the three attributes re-
spectively. And then the correlation degree of sleeping length —sleeping depth, sleeping length —awakening intensity, and sleeping 
depth —awakening intensity was statistically analyzed in groups, and the results showed that length of sleep was negatively corre-
lated with the depth of sleep, length of sleep was negatively correlated with awakening intensity, and depth of sleep was positively
correlated with awakening intensity. In terms of external factors, we verified that, before the awakening, KSBs tend to appear in the
journals with a higher impact factor, and the adoption frequency and the number of KSBs both increased significantly in the journals.
In future research, these research directions are worth investigating, e.g., keywords mobility across disciplinary fields whether has an
effect on sleeping beauties identification, the characteristics differences of keyword sleeping beauties and concept sleeping beauties, 
and other awakening factors. 
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Appendix A 

1. We designed the experiment with the hypothesis that the sleeping depth of multi-semantic keywords is shorter than that of mono-
semantic keywords and grouped the keywords according to the number of their sub-word units and calculated the sleeping depth
of the identified KSBs separately. 

2. To further verify whether the keywords that mean almost the same thing have existed in our study, we conducted the semantic
analysis in the two levels. Specifically, we firstly considered a normalization index ( 𝑆 𝑖𝑗 = 𝑐 𝑖𝑗 ∕ 𝑠 𝑖 × 𝑠 𝑗 ), defined by Eck and Walt-
man (2009) to calculated the similarity values ( 𝑆 𝑖𝑗 ) between two keywords i and j. 𝑐 𝑖𝑗 indicates the count of co-occurrences, 𝑠 𝑖 and
𝑠 𝑗 denotes the occurrences of keywords i and j, respectively. Then, since there are few synonyms in the same keyword list, we
need to verify the synonyms from another perspective. The basic idea is that two keywords that frequently co-occur with the same
keyword may be synonyms. 

The analysis results show that the co-occurrence count of the 676, 477 pairs of keywords was calculated and the keywords
with co-occurrence greater than 2 are selected for semantic similarity calculation, as shown in Fig. A.2 . And, we could extract
all triads of keywords from the semantic network and gained 1508 pairs of keywords, which might be synonyms. By observing
and analyzing keyword pairs with high similarity scores, we find that although some keywords are semantically similar, they still
Fig. A.1. Relationship between the keyword length and sleeping depth of KSBs. 
Note: 1-word means the keywords consisted of one word. 

Fig. A.2. Distribution of all similarity scores. 
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Table A.1 

The prince and retinues of the KSBs. 

Keyword year Number of prince and its retinues 

machine learning 1990 7 
competition 1990 1 
information security 1990 3 
creativity 1990 1 
user 1990 1 
... ... ... 
bias 1999 1 
journal 1999 3 
advertising 1999 1 
scientific journal 1999 3 
text mining 1999 2 
knowledge creation 1999 1 
scholarly communication 1999 2 

Note: For all KSBs see https://doi.org/10.6084/m9.figshare.15172296.v2 . 

 

 

 

 

 

 

 

 

 

 

 

 

 

represent two different topics. Therefore, there are few synonyms after reprocessing keywords. The all results of similarity calculation
see https://doi.org/10.6084/m9.figshare.15172296.v2 

1. Since the author keywords generally appear once a time in the keyword list, we identified literature in which KSBs awakens as
the princes that adopted KSBs within 3 years before or after ( Dey et al., 2017 ). The prince and retinues ( Du & Wu, 2016 ) of the
KSBs is shown in Table A.1 of Appendix A. 

Appendix B 

In order to verify the robustness of the results of influencing factors at the journal level, we first selected the data sources of
interdisciplinary field, medical informatics, an interdisciplinary field. We used the query “SU = Medical informatics ” to obtain 58,986
papers and 75,721 keywords in the field of medical informatics from the Web of Science (WOS) (Duration until 31 December 2019).

Secondly, since medical informatics is an emerging interdisciplinary field and the history span of publication is from 1990 to
2019, we obtained 14,013 new keywords from 1995 to 2004 to identify the KSBs. 406 KSBs were then obtained. Thirdly, we selected
SJR and Cites / Doc (2 years) for evaluating journal impact to verify the result “After being published by high-impact journals, these
KSBs obtained more attention and were then awakened. ” We still selected the z-score normalization method to statistically calculate
the journal impact values for six years of pre-awakening and three years of post-awakening, as shown in Fig. B.1 . 

Additionally, to verify the results of the distribution of journals during the proliferation of KSBs, namely “The KSBs were not
universally adopted before the awakening, and the spread trajectory in the journals was single. After KSBs awakened, they were
widely adopted, and the number of distributed journals was enhanced. ”. We counted the adoption frequency (AF) of KSBs, and the
number of KSBs, the number of journals in which KSBs were published, etc., as shown in Table B.1 . 
Fig. B.1. The calculation of the journal impact before and after awakening in medical informatics. 
Note: The red curve with decimals is the average value of z-score normalization. 
“-1 ” represents the 1 year of pre-awakening, “1 ” shows the 1 year. 
of post-awakening, and “0 ” annotates the awakening year in the x-axis. 
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Table B.1 

Distribution of journals and adoption frequencies before and after awakening. 
in the field of medical informatics. 

Time Adoption frequency (AF) of KSBs Number of KSBs Number of journals Average AF in each journal Average AF of each KSB 

-6 374 204 34 11.000 1.833 
-5 414 211 39 10.615 1.962 
-4 460 222 42 10.952 2.072 
-3 546 244 42 13.000 2.238 
-2 698 264 43 16.233 2.644 
-1 772 306 46 16.783 2.523 
0 221 95 31 7.1293 2.326 
1 1173 300 41 28.610 3.910 
2 1329 319 42 31.643 4.166 
3 1458 322 44 33.136 4.528 

Note: “1 ” represents the 1 year of post-awakening, “-1 ” shows the 1 year of pre-awakening, “0 ” annotates the awakening year in the 
“Time ” column. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Therefore, the results of influencing factors at the journal level look robust. After we delve into our thoughts, the results seem
to be a common phenomenon in the diffusion of knowledge. Specifically, the journals with high impact would get more attention
from researchers because of their high-quality papers; the keyword contained also obtained more attention. Yet, this phenomenon 
deserves further study in the future. 
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