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Abstract 
The disruption index (DI) proposed by Funk and Owen Smith (2017), and improved by Wu et al. (2019) has been 
widely studied and applied in bibliometrics recently. This paper examines the relationship between disruptiveness 
and influence and finds that highly influential publications tend to be more disruptive. However, the original 
formula of the disruption index (DI) shows inaccurate results in our sample data. We identify three limitations of 
DI and propose the global disruption index (GDI), which considers multiple generations of cited or citing 
documents in citation cascades, to address these limitations. Our empirical study, based on a dataset of 134,003 
papers published in the field of Information Science Library Science from 1900 to 2021, and all articles published 
in Scientometrics, shows that GDI has a significant correlation with the citation count and the number of disruptive 
citations. We argue that GDI is a more appropriate metric for measuring the disruptiveness of scientific 
publications and has great significance for academic evaluation and scientific development in the future. 
Furthermore, our study suggests that the number of consolidated citations also facilitates publications’ 
disruptiveness. These findings have important implications for understanding the nature of scientific impact and 
for developing more accurate and comprehensive bibliometric measures. 

Introduction 
Ever since Garfield (1963) proposed the impact factor (IF), citation-based evaluation metrics 
have become an essential part of scientific research. At a time of tight budgets and intense 
competition, evaluation metrics that rely on citation counts play a critical role in university 
ranking, peer reviews, and journal evaluations. Nevertheless, the overemphasis on citation 
counts has led to a host of problems, including academic misconduct and a lack of research 
innovation (An et al., 2022; Fortunato et al., 2018; Waltman, 2016; Wang & Barabási, 2021; 
Zeng et al., 2017). Furthermore, citation-based indicators are insufficient in measuring the 
novelty of scientific research, which means that appropriate metrics for evaluating innovation 
in research have been lacking for a long time. Many scholars have therefore criticized the 
traditional evaluation indicators and called for new metrics for assessing the level of innovation 
in publications. This call for new metrics is reflected in the Leiden Manifesto (Hicks et al., 
2015) and the San Francisco Declaration (Cagan, 2013). 

Joseph Alois Schumpeter (1912) first introduced the fundamental concept and idea of 
innovation, which involves the establishment of production functions. Thomas Kuhn (1962) 
argued that scientific development heavily relies on the destruction of existing paradigms, 
which aligns with the idea of disruptive innovation (Bower, 1995). Scientific progress often 
stems from anomalies that cannot be explained by existing paradigms, and breakthroughs come 
from novel ideas or methods that solve these anomalies. The disruptive index (DI) introduced 
by Funk and Owen Smith (2017) is a new metric that uses local citation structures to reflect the 
novelty of research and the extent to which it is subversively innovative, meaning that it changes 
or significantly affects the research paradigm of science. Wu et al. (2019) applied DI to 
bibliometrics and found that milestone papers, such as Nobel-Prize-winning publications, tend 
to have higher DI, while inheritance research typically receives relatively low DI scores. 
According to Leydesdorff and Bornmann (2021), the key distinction between DI and other 
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bibliometric measures is that it examines the local structure of the citation network, including 
the combination of prior and posterior generations and takes into account the evolutionary 
dynamics and crucial transitions of scientific publications. 
 
Nevertheless, recent studies have revealed the inconsistencies and limitations of the DI metric 
(Bornmann et al., 2020a, 2020b; Leydesdorff & Bornmann, 2021; Leydesdorff et al., 2021). 
Chen (2021) suggested that scientific research and technologies can be evaluated along two 
dimensions: disruptiveness and consolidation, which are also separated by the multidimensional 
citation impact framework proposed by Bu et al. (2021). As a result, a single indicator that 
combines both dimensions may be inappropriate (Leydesdorff et al., 2021). Wang et al. (2022) 
discovered that many scientific works with high DI values were not ground-breaking research. 
DI is determined solely by the quantity of the first-order citing documents and first-order 
references, and the frequency with which those references have been cited, so not all 
publications with a DI of 1 are ground-breaking achievements (Leydesdorff & Bornmann, 
2021). Li et al. (2022) suggested that metrics in the first-order citation networks are inadequate 
for characterizing the multivariate sequential interactions between documents. Ullah et al. 
(2021) demonstrated that higher-order models perform better at ranking scientific entities than 
one-step or zero-step models. Wang et al. (2022) argued that disruptively innovative research 
is generally heterogeneous in practice. However, the assessment of heterogeneous scientific 
works may be imprecise and biased if based only on local citation information (Prathap, 2019). 
 
Through our empirical investigation, we have found that highly prominent articles tend to be 
more disruptive but may not be consolidated. However, we discovered that the original DI 
formula yields incorrect results, as we describe in Section 4. Upon further inspection, we 
identified three limitations of the DI formula, which we discuss in Section 2. To address these 
issues, we combined the notion of the citation cascade (Min et al., 2021) to create the global 
disruptive index (GDI), which incorporates high-orders of citation information. We then 
conducted an empirical study to evaluate the consistency and effectiveness of GDI, and found 
that it has a significant correlation with the citation count and the number of disruptive citations. 
We also examined whether the number of consolidated citations affects the disruptive 
innovation of articles, and our results suggest that consolidated citations may have a slight 
positive effect on publications' disruptiveness, as indicated by GDI. 

Methodology 
The disruptive index is defined as (Wu et al., 2019): 

 𝐷𝐼	 = 	 !!"!"
!!#!"#!#

 (1) 

where NR, NG and NE denote the count of publications citing FP and its references, citing FP 
without citing its references, and citing FP’s references without citing FP, respectively. 
 
Figure 1 illustrates the disruptive index (DI), with the number of squares representing the 
number of disruptive citations and the number of pentagons indicating the number of 
consolidated citations. DI values range from -1 to 1, with a DI of 1 indicating that none of the 
focal paper's cited publications are connected to its citing references, and a DI of -1 indicating 
the opposite. Higher DI values indicate greater disruptiveness of the paper (Azoulay, 2019), 
meaning that it challenges or upsets existing paradigms in citation networks. However, it's 
important to note that DI only considers the first citation generation for both citing references 
and cited documents, which makes it difficult to account for the heterogeneity of articles. 
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Figure 1. The visualization of the disruptive index of the focal publication in citation cascade, 
which in only the local citations (the first generation) are considered. The number of triangles, 

pentagons and squares represent 𝑵𝑬, 𝑵𝑹 and 𝑵𝑮, respectively. 

It is important to note that the citation number of the focal paper (FP) equals the sum of its 
citing publications (𝑁!) and its cited documents (𝑁"). DI divides the FP's citation publications 
into two types, representing the levels of disruptiveness and consolidation, respectively. 
However, the numerator of the original DI formula, 𝑁!-𝑁", is problematic, as it subtracts the 
consolidation component from the total citation count twice. To address this issue, Leydesdorff 
et al. (2021) revised the formula as follows: 
 𝐷𝐼∗ =	 !!

!!#!"#!#
 (2) 

where DI* indicates the level of disruptiveness of the focal publication. 
 
Another issue with the original DI formula is the value of 𝑁#, which appears to be incorrect. 
Empirical results show that 𝑁#  is, on average, larger than its counterparts by an order of 
magnitude (see Section 4, Table 1, and Figure 3). This phenomenon occurs because all 
publications in 𝑁!  and 𝑁" are connected to a single paper, the focal paper, while those in 𝑁# 
are connected to sometimes a substantial number of papers. As a result, DI is argued to be 
inconsistent and uneven in many cases (Leydesdorff & Bornmann, 2021). 

Here, we identify three limitations/issues of DI, that is,  
i. DI does not take into account high-order citations in multi-generations of citation 

cascades. 
ii. The numerator (𝑁!-𝑁") is inappropriate for duplicate subtractions, since 𝑁!  itself can 

already denote the level of disruptiveness. 
iii. 𝑁# is typically much larger than its counterparts in the formula due to nodes in 𝑁# 

connecting to more than one node in the citation network. Therefore, standardization is 
needed to address this issue. 

 
The citation cascade, a new notion introduced by Min et al. (2021), involves small-scale citation 
networks that originate from a focal publication. As the focal paper is cited by other papers, 
these papers are, in turn, cited by subsequent papers, and so on. Hu et al. (2011) suggested that 
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the citation cascade provides an effective means of assessing a publication's influence from the 
perspective of indirect influence, by considering multiple levels of citation generations. Metrics 
based on global information in the citation cascades tend to outperform local metrics (Xu et al., 
2020). 
 
To address the aforementioned three issues, we propose the Global Disruption Index (GDI) 
which takes into consideration the general structure of the citation network, including k 
generations. Similar to DI* (Leydesdorff et al., 2021), we use 𝑁!  to denote disruptiveness. 
Instead of using the original 𝑁#, we use a normalized value 𝑛𝑜𝑚𝑙𝑖𝑧𝑒𝑑𝑁# which is calculated 
by taking the average of the number of FP's references and applying the Laplacian smoothing 
method (see formula 4). Therefore, GDI is defined as follows: 
 𝐺𝐷𝐼(𝐺𝑙𝑜𝑏𝑎𝑙	𝑑𝑖𝑠𝑟𝑢𝑝𝑡𝑖𝑜𝑛	𝑖𝑛𝑑𝑒𝑥) = 	 ∑ !!

$%
$&' #)

∑ !"
$%

$&' #∑ !!
$%

$&' #*+,-./01!##(3)#4)
 (3) 

 𝑛𝑜𝑚𝑙𝑖𝑧𝑒𝑑𝑁6 =
∑ !#

$%
$&' #)

∑ !(
$%

$&' #)
 (4) 

where k denotes k generations of cited or citing documents, 𝑖 refers to the 𝑖$% generation of 
cited documents, 𝑁"&  represents the number of cited documents in the 𝑖$% generation that cite 
at least one of the focal paper’s references directly or indirectly within 𝑖 generations, 𝑁!&  refers 
to the number of cited documents in the 𝑖$%  generation that cite none of the focal paper’s 
references directly or indirectly within 𝑖 generations, and 𝑁# represents the cited documents 
that not included in 𝑁!&  or 𝑁"&  of the focal paper’s citing references within 2 generations.  
 
Additionally, Laplace smoothing is used to handle missing values, by adding a smoothing factor 
(k) to the numerator and a larger factor (k+1) to the denominator. This approach is commonly 
used in probability and statistics to prevent zero probabilities and improve the stability of 
calculations, especially when dealing with sparse data. In our study, Laplace smoothing helps 
to account for cases where a cited or citing document has no citations or is missing from our 
data, allowing for more accurate computation of GDI. 
 
Min et al. (2021) proposed two criteria for citation cascades: a paper can appear in multiple 
generations and can also appear multiple times within the same generation. We adopt both 
criteria in our definition of citation cascades.  
 
Figure 2 illustrates the citation cascade of the focal paper, including the different cited 
documents within two generations. In the first generation, we have papers that directly cite the 
focal paper and are in turn cited by the second-generation documents. Analogously, in the first 
citing-generation references, we have papers that are cited by the focal paper directly and cite 
the second-generation cited references. Both citing-generations of references are denoted by 
round balls in the left part of the figure, while cited documents are denoted by squares or 
pentagons in the right part, depending on whether they cite at least one of the focal paper's 
references directly or indirectly. The triangles represent the cited documents of the round balls, 
which are not part of the focal paper's citing or cited generations. As discussed above, we divide 
the number of citing references within two generations into their citation counts for the 
calculation of GDI. Although Figure 2 shows only two generations of cited or citing documents, 
extending it to k generations is straightforward. 
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Figure 2. The focal paper’s citation cascade and cited documents within 2 generations (k=2). The 
antiparallelogram in the middle is the focal paper. The round balls in the left represent the cited 
references within 2 generations. The pentagons in the right refer to the citing documents within 
2 generations that cite at least one of focal paper’s 1st or 2nd references. The squares in the left 

denote citing documents within 2 generations that cite none of focal paper’s 1st or 2nd references. 

Data and methods 
We retrieved our data from the Web of Science database using the following sampling 
procedure: (i) We downloaded bibliographic data for 134,003 papers published in the field of 
Information Science Library Science (WoS categories) from 1900 to 2021. (ii) We then 
searched for all papers published in Scientometrics and restricted the document type to articles 
and the field to Information Science Library Science (WoS categories). This resulted in a 
sample of 6,330 articles for our analysis. 
 
Calculating the GDI requires a significant amount of computation. To obtain reasonably reliable 
metric estimates, we created a local network database using bibliographic data for 134,003 
papers published in the field of information science and library science from 1900 to 2021. We 
also constructed a large adjacency matrix for computation. While the actual citation counts in 
practice are much higher, our local database only contains papers in the field of information 
science. Therefore, during analysis, we used the in-degree to denote citation counts and the out-
degree to denote reference counts. 
 
To calculate the relevant measures, we used Python 3.9.10 and implemented programs 
specifically tailored to our needs. To ensure accuracy, we performed duplication elimination 
processing at each stage. We also created a recursive function and set a maximum of k iterations 
to calculate the number of k-step posterior citations. This function allowed us to calculate a 
maximum of k generations of referenced publications to the main paper. In addition, we 
constructed a local network database based on 134,003 papers published in the field of 
information science and library science from 1900 to 2021 to provide reasonably reliable 
estimates of metrics. We also created a sizable adjacency matrix for computation. Although in 
practice the actual citation counts are substantially bigger because our local database only 
contains papers in the field of information science, the in-degree denotes citation counts and 
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the out-degree denotes reference counts during analysis. Lastly, we used STATA-15.1 to 
conduct Pearson correlation analysis. 
 
To obtain a comprehensive understanding of our sample data and mitigate the impact of 
outliers, we excluded the top 0.1% most highly cited papers and data with a citation count or 
NG of 0. After this process, we were left with 3,375 papers for further analysis. The citation 
count of these papers is represented by the out-degree of nodes in the global citation network, 
which was constructed from 134,003 papers in the field of Information Science Library Science 
published from 1900 to 2021. 

Results and discussion 

Disruptiveness and consolidation level of papers 
Table 1 summarizes the key descriptive statistics for the distinct metrics in our sample of 3,375 
articles, including the sample size, mean, standard deviation, the minimum value, the maximum 
value, variance, skewness and kurtosis of distinct metrics. To reduce the impact of outliers, we 
excluded the top 0.1% most cited papers and articles with zero citation count or no generations. 
The mean citation count of the remaining articles is 12, with a range from 2 to 206. The mean 
values of 𝑁!  and 𝑁" are 7 and 5, respectively, with a maximum of 176 and 99. In contrast, 
the average value of 𝑁# is 260, with a maximum of 4,723, which is an order of magnitude 
larger than 𝑁!  and 𝑁". The second-order metrics, ∑𝑁!, ∑𝑁",, and ∑𝑁#, show the same trend, 
with ∑𝑁# being much larger than the other two metrics. However, the normalized 𝑁# metric 
is at the same order of magnitude as ∑𝑁! and ∑𝑁", making it a more suitable denominator for 
the GDI calculation. As discussed in Section 2, this is because nodes in NE are connected to 
more than one node in the network, while nodes in 𝑁!  or 𝑁" only connect to the focal one. 
Figure 3 illustrates the distributions of 𝑁! , 𝑁", 𝑁#, ∑𝑁", ∑𝑁!, ∑𝑁#, and normalized	𝑁#. 
 
Table 1 and Figure 3 show that 𝑁!  and 𝑁"  have similar distributions, with comparable 
standard errors (12 vs. 8), skewness (6 vs. 4), and kurtosis (50 vs. 30). The logarithmic scatter 
plot in Figure 3a and Figure 3d indicates that 𝑁!  and 𝑁" increase logarithmically with citation 
count, which is expected since 𝑁!+𝑁" equals the citation count. On the other hand, ∑𝑁" and 
∑𝑁! have weak differences in distributions, with inconspicuous proximity in standard errors 
(73 vs. 26), skewness (5 vs. 4), and kurtosis (33 vs. 26). Notably, some highly cited papers have 
low values of ∑𝑁!, but high ∑𝑁" values (see Figure 3d and Figure 3e), and some well-cited 
publications have inferior 𝑁" values but high 𝑁!  values (see Figure 3a and Figure 3b). If we 
consider 𝑁!  or ∑𝑁" as the disruptiveness level and 𝑁" or ∑𝑁! as the consolidation level of 
publications, these findings suggest that highly influential papers tend to have strong 
disruptiveness levels but may not necessarily have strong consolidation levels. 
 
It is also noteworthy that the distributions of high-order parameters become more uniform, as 
shown in the rightmost subfigures of Figure 3d and 3e. As the generation increases, the 
numerical distribution becomes more discrete and uniform, which makes it easier to compare 
scientific publications with different citation histories. 
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Table 1. The descriptive statistics for the citation count and distinct metrics (DI, DI* and GDI) 
and the corresponding coefficients (NG, NR, NE et al.) of the sample papers. 

 sample size mean std min max var skewness kurtosis 
Citation count 3375  12  17  2  206  301  5  34  

𝑁!  3375  7  12  1  176  149  6  50  
∑𝑁"(k=2) 3375  73  147  0  1727  2.2e+4  5  33  

𝑁"  3375  5  8  0  99  66  4  30  
∑𝑁!(k=2) 3375  26  47  0  681  2231  4  26  

𝑁#  3375  260  292  0  4723  8.5e+4  3  26  
∑𝑁#(k=2) 3375  1404  1339  0  1.2e+4  1.8e+6  1  4  

normalized NE(k=2) 3375  24  15  1  140  217  2  7  
DI 3375 0.12  0.29  -0.38  1.00  0.08  2.43  4.52  

DI* 3375 0.15  0.28  4.1 e-4 1.00  0.08  2.38  4.29  
GDI(k=2) 3375 0.41  0.26  1.5 e-2 1.00  0.07  0.43  -0.92  

 
Note: The value is reported as an integer or with one to two decimal places. For some large 
values, scientific notation is used, e.g., 1.2e+4 represents approximately 12,000. 
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Figure 3. Scatter plots and distributions for the citation count and each parameter for papers 
published in Scientometrics, respectively, with logarithmic processing of vertical data. (a) The 
distributions of (a) 𝑵𝑹, (b) 𝑵𝑮, (c) 𝑵𝑬, (d) ∑𝑵𝑹, (e) ∑𝑵𝑮, (f) ∑𝑵𝑬, and (g) normalized 𝑵𝑬, 
wherein 𝑵𝑹, 𝑵𝑮, 𝑵𝑬 for 1-order DI parameters, and ∑𝑵𝑹, ∑𝑵𝑮, ∑𝑵𝑬 and normalized 𝑵𝑬 

for 2-orders GDI parameters, respectively. Additionally, (a) 𝑵𝑹 and (d) ∑𝑵𝑹 denote the 
consolidation level while (b) 𝑵𝑮 and (e) ∑𝑵𝑮 represent the disruptiveness level, respectively. 

Comparisons of DI and GDI 
To demonstrate the consistency and effectiveness of GDI, as well as its superiority over DI and 
DI*, we calculated the Pearson correlation coefficients between these three metrics and the 
citation count and ∑𝑁", which represents the disruptive influence of publications to some extent. 
Figure 4 shows the distributions and Pearson correlations for each metric with the citation count, 
while Appendix Figure A1 displays the distributions and Pearson correlations for each metric 
with ∑𝑁". 
 
The results indicate that DI has no significant correlation with the citation count (Pearson 
correlation coefficient=0.0059, p=0.73), implying that the influence of publications with high 
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DI or low DI is randomly distributed among highly-cited and normally-cited papers. This 
contradicts the observation that well-cited publications tend to be more disruptive. We suggest 
that the three issues discussed in Section 2 can explain this discrepancy. Moreover, DI has a 
very low correlation with ∑𝑁"  (Pearson correlation coefficient=0.1266), suggesting that DI 
fails to measure the real level of disruptiveness under certain circumstances. This can be 
attributed to the lack of normalization of 𝑁#, which makes the denominator too large, mainly 
affected by the number of FP's references, thus diminishing the correlation between DI and the 
real disruptive influence. Additionally, the repeated subtraction of 𝑁"  and the lack of 
consideration of high-order generations introduce random disturbance factors in DI. 
 
DI* proposed by Leydesdorff et al. (2021) addressed the issue ii (see Section 2), but didn’t take 
into account the issue i and the issue iii. Results in Figure 4b and Appendix Figure A1e show 
that DI* has a comparatively significant yet weak correlation with the citation count (Pearson 
correlation coefficient=0.0548, p<0.01). And the correlation between DI* and ∑𝑁" is also low 
(the Pearson correlation coefficient=0.1673). This finding indicates that well-cited publications 
are, faintly, more likely to get higher DI* values. Nevertheless, the correlation coefficient is too 
small to perceive and compare differences between well-cited publications and normally-cited 
ones. 
 
The current paper proposes GDI as a metric that addresses all three limitations of DI. Although 
GDI considers only two generations, it is consistent with the citation count. Figure 4c and 
Appendix Figure A1f show that GDI has a high and significant correlation with the citation 
count (Pearson correlation coefficient = 0.3583, p<0.001) as well as ∑𝑁" (Pearson correlation 
coefficient = 0.5233, p<0.001). These results indicate that well-cited publications tend to have 
higher GDI values, while normally-cited or lowly-cited papers generally have lower GDI values. 
This finding is consistent with the observation that well-cited publications tend to be more 
disruptive. 
 
It's worth noting that the traditional disruption indices, both DI and DI* have a negative 
correlation with 𝑁"  and ∑𝑵𝑹, while GDI a positive correlation with these parameters (see 
Appendix Figure A1g-A1l). This raises an interesting question of whether the number of 
consolidated citations impacts the disruptive innovation of articles. DI and DI* suggest that a 
high number of consolidated citations inhibits disruptive innovation, whereas GDI suggests the 
opposite, indicating that a high number of consolidated citations can actually facilitate 
publications' disruptiveness. 
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Figure 4. Scatter plots, fitting curves, distributions, and the Pearson correlations for the citation 

count and each metric of papers published in Scientometrics, respectively, wherein (a) the 
correlation for DI and the citation count is 0.0059 (p=0.73), (b) the correlation for the DI* and 

the citation count is 0.0548 (p<0.01); and (c) the correlation for GDI(k=2) and the citation count 
is 0.3583 (p<0.001). And these metrics’ distribution histograms are illustrated in the subgraphs 

on the edges. 

* p<0.05, ** p<0.01, *** p<0.001. 

Disruptiveness for different citation windows 
Bornmann et al. (2019) conducted a study to determine the appropriate citation window for DI, 
and suggested a minimum window of 5 years. In our analysis, we divided the sample data into 
four groups based on publication year to investigate the disruptiveness of different time 
windows. The distributions of GDI (k=2) for different publication years are shown in Figure 5, 
while the distributions of DI and DI* for different publication years are shown in Appendix 
Figure A2 and Figure A3, respectively. 
 
The results show that papers published in the first 11 years (1978-1989) are the most likely to 
be disruptive, followed by the next 11-year interval (1989-2000). However, as the number of 
papers in journals has increased since 2000, the average disruptiveness has declined somewhat 
in the period of 2000-2011, and in the last 11 years (2011-2022), papers are less likely to be 
disruptive. From the perspective of citation length and distribution, DI and DI* values are 
evenly distributed on both sides of the average value on the exponential axis, with earlier papers 
(with longer citation windows) having significantly larger average values. In other words, in 
general, DI or DI* values increase exponentially with the length of the citation window. In 
contrast, GDI (k=2) distributions for publications with different citation windows show entirely 
different patterns, with publications with longer citation windows being much more likely to be 
disruptive. 
 
Our study reveals a novel finding that older publications tend to be more disruptive, which is 
consistent with the preferential attachment model (Barabasi & Albert, 1999) and first-mover 
advantage. According to the preferential attachment model, newly published papers tend to cite 
the "first" paper in the field, often referred to as the classic or milestone paper. As a result, these 
classic papers may accrue a growing number of citations over time, which in turn increases 
their GDI scores. The tendency to cite classic papers and neglect recent references could explain 
why older publications tend to be more disruptive. 
 

694



Overall, early-published papers tend to be more disruptive as they are more likely to challenge 
existing scientific paradigms. However, this conclusion is not absolute, as some recent papers 
(published in 2011-2022) also exhibit high GDI values. 

 

 
Figure 5. Box diagram for the distribution of GDI(k=2) for different published years, for papers 

published in 1978-1989, 1989-2000, 2000-2011 and 2011-2022, respectively, with logarithmic 
processing of horizontal data. Colored regions represent 95% confidence intervals. 

Conclusion 
The current study investigated the relationship between disruptiveness and influence and found 
that highly influential papers tend to be more disruptive, yet may not be consolidated, while the 
original formula of DI produced incorrect results (see Section 4). We identified three limitations 
of DI that account for this phenomenon (see Section 2) and introduced the global disruptive 
index (GDI) to address these issues. GDI considers high-order citation generations and 
incorporates information on heterogeneity in each generation for both cited and citing 
documents. We also employed normalization and Laplace smoothing to adjust relevant 
parameters. Our empirical study of 134,003 papers published from 1900 to 2021 in the field of 
Information Science Library Science demonstrated the consistency of GDI and tested its 
performance across different citation windows. The results showed a significant correlation 
between GDI and the citation count and the number of disruptive citations, and revealed that 
early-published papers with longer citation windows tend to be more disruptive. It is also worth 
discussing whether the number of consolidated citations affects the disruptive innovation of 
articles, and GDI suggests that it weakly facilitates publications' disruptiveness. Based on these 
findings, we argue that GDI can address the limitations of DI and accurately represent the level 
of scientific output's disruptiveness. We believe that GDI will become a valuable supplement 
to conventional metrics. 
 
The contributions of this work include identifying the relationship between influence and 
disruptiveness, highlighting the limitations of DI, and proposing GDI as a more appropriate 
metric for measuring the disruptiveness of scientific publications. The results have implications 
for academic evaluation and scientific development, as well as for future research in the area of 
bibliometrics. 
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While the current study has provided valuable insights into the relationship between 
disruptiveness and influence, there are several limitations to our research. First, our analysis 
was limited to the local citation network of the Information Science and Library Science field 
from the Web of Science database, which may not fully capture the inter-domain impact of 
publications. Second, although GDI considers up to k generations of citation documents, we 
only calculated up to 2 generations in our empirical study. Future research should explore the 
effects of considering higher-order generations. Third, while we demonstrated the consistency 
of GDI with citation count, future research should examine the convergent validity and 
consistency of disruptiveness with peer reviews or expert databases, such as F1000prime. 
 
In addition, future research could explore how GDI can be extended to higher levels of scientific 
entities, such as journals, authors, and institutions. However, the computational complexity of 
GDI with higher orders of generation may require the use of distributed computing systems. 
Finally, the robustness of GDI in different orders of generation and in various discipline fields 
also warrants further investigation. 
 
Overall, the global disruptive index (GDI) is a promising metric that can account for the 
heterogeneity of disruptively innovative works. However, further research is needed to fully 
explore its potential and limitations. 
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Appendix 

 
Figure A1. Scatter plots, fitting curves, distributions, and the Pearson correlations for NG, NR, 
∑𝑵𝑮 and ∑𝑵𝑹 with each metric of papers published in Scientometrics, respectively, wherein 

the correlation for (a) DI and NG is 0.1743 (p<0.001), (b) DI* and NG is 0.2052 (p<0.001), (c) 
GDI(k=2) and NG is 0.4459 (p<0.001), (d) DI and ∑𝑵𝑮 is 0.1266 (p<0.001), (e) DI* and ∑𝑵𝑮 is 

DI DI*
a b

Corr=0.1743*** Corr=0.2052***

GDI(k=2)
c

Corr=0.4459***

d e

Corr=0.1266*** Corr=0.1673***

f

Corr=0.5233***

g h
Corr=-0.2494*** Corr=-0.1917***

i

Corr=0.0937***

j k
Corr=-0.2041*** Corr=-0.1674***

l

Corr=0.1565***
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0.1673 (p<0.001), (f) GDI(k=2) and ∑𝑵𝑮 is 0.5233 (p<0.001), (g) DI and NR is -0.2494 (p<0.001), 
(h) DI* and NR is -0.1917 (p<0.001), (i) GDI(k=2) and NR is 0.0937 (p<0.001), (j) DI and ∑𝑵𝑹 is 

-0.2041 (p<0.001), (k) DI* and ∑𝑵𝑹 is -0.1674 (p<0.001), (l) GDI(k=2) and ∑𝑵𝑹 is 0.1565 
(p<0.001). And these metrics’ distribution histograms are illustrated in the subgraphs on the 

edges. 

* p<0.05, ** p<0.01, *** p<0.001. 

 

 
Figure A2. Box diagram for the distribution of DI for different published years, for papers 

published in 1978-1989, 1989-2000, 2000-2011 and 2011-2022, respectively, with logarithmic 
processing of horizontal data. Colored regions represent 95% confidence intervals. 
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Figure A3. Box diagram for the distribution of DI* for different published years, for papers 
published in 1978-1989, 1989-2000, 2000-2011 and 2011-2022, respectively, with logarithmic 

processing of horizontal data. Colored regions represent 95% confidence intervals. 
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