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Abstract

The purpose of this paper is to provide a review of the literature on the original disruption
index (DI,) and its variants in scientometrics. The DI, has received much media attention
and prompted a public debate about science policy implications, since a study published
in Nature found that papers in all disciplines and patents are becoming less disruptive over
time. This review explains in the first part the DI, and its variants in detail by examining
their technical and theoretical properties. The remaining parts of the review are devoted
to studies that examine the validity and the limitations of the indices. Particular focus is
placed on (1) possible biases that affect disruption indices (2) the convergent and predictive
validity of disruption scores, and (3) the comparative performance of the DI, and its vari-
ants. The review shows that, while the literature on convergent validity is not entirely con-
clusive, it is clear that some modified index variants, in particular DI, show higher degrees
of convergent validity than DI,. The literature draws attention to the fact that (some) dis-
ruption indices suffer from inconsistency, time-sensitive biases, and several data-induced
biases. The limitations of disruption indices are highlighted and best practice guidelines
are provided. The review encourages users of the index to inform about the variety of DI,
variants and to apply the most appropriate variant. More research on the validity of disrup-
tion scores as well as a more precise understanding of disruption as a theoretical construct
is needed before the indices can be used in the research evaluation practice.
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Introduction

Only five years have passed since the introduction of the disruption index (DI,;) by Funk
and Owen-Smith (2017)," and meanwhile it has seen widespread application. Many
researchers have used the DI, to identify the most disruptive publications in specific disci-
plines and/or subdisciplines. Numerous articles, especially in the field of life sciences, have
applied the DI, to the field-specific literature to identify disruptive publications in different
disciplines: surgery (Becerra et al., 2021, 2022; Hansdorfer et al., 2021; Horen et al., 2021;
Sullivan et al., 2021; Williams et al., 2021), radiology (Abu-Omar et al., 2022), breast
cancer (Grunvald et al., 2021), urology (Khusid et al., 2021), ophthalmology (Patel et al.,
2022), energy security (Jiang & Liu, 2023a), and nanoscience (Kong et al., 2023). In the
field of scientometrics, Bornmann and Tekles (2019b), and Bornmann et al. (2020b) tried
to find the most disruptive papers published in Scientometrics with the help of (a modified
version of) the DI,. The popularity of the new index is not only reflected in its application
in several disciplines, but also in the recent introduction of an index variant on the journal
level. Jiang and Liu (2023b) proposed the Journal Disruption Index (JDI) as an alternative
to (traditional) journal level metrics such as the Journal Impact Factor (JIF, provided by
Clarivate). Furthermore, Yang, Hu et al., (2023) & R. Wang et al., (2023) proposed differ-
ent ways to incorporate the DI, into the evaluation of scientists’ research impact.

The DI, played a key role in two influential science of science papers published recently
in Nature: (1) Wu et al. (2019) used the DI, to investigate how the growth of team sci-
ence impacts research outputs. They found that large teams tend to conduct consolidat-
ing research while small teams tend to produce disruptive publications. Although (inter-
national) cooperation is frequently seen as key factor for scientific excellence, disruptive
research seems to be connected with rather small research groups. (2) Park et al. (2023)
shocked the scientific community (and beyond) with the claim that scientific papers and
patents have been getting less disruptive since World War II. Using data on 45 million
papers and 3.9 million patents, they report that there has been a continuous decrease in
average disruption scores across all disciplines. The article made waves in and beyond the
science system and prompted a public debate surrounding the question of if and why sci-
ence is running out of steam in spite of the massive expansion of the (global) science sys-
tem in recent decades.

While the finding that both patents and papers are getting »less bang per buck« is cer-
tainly spectacular, it is important not to jump unreflectively and straight forward to far
reaching conclusions (science policy actions). Park et al., (2023, p. 143) themselves point
out that “even though research to date supports the validity of the CD index [referred to
as DI, in this review], it is a relatively new index of innovative activity and will benefit
from future work on its behaviour and properties”. Therefore, any meaningful discussion
about the results of Park et al. (2023) (as well as the results of any other study involving the
DI,) requires a detailed understanding of the index’s properties and limitations, which have
been studied in several (empirical) studies since 2019.

In order to provide detailed insights into the properties and limitations of (different vari-
ants of) the DI, this review paper provides a systematic review of the current literature
on DI, and its modified variants. The review consists of three parts. In the first part, the
technical and theoretical properties of the DI, are explained. The second part covers the

! The authors called the disruption index CD index.
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numerous modified index variants of the DI, researchers have proposed so far. The third
part provides an overview of the literature on the validity of disruption scores. This part
discusses the studies dealing with the important question whether the indices measure what
they propose to measure.

Definition and history of the disruption index
Creation and calculation of the disruption index

The DI, was created by Funk and Owen-Smith (2017) in order to quantify the magnitude
of technological change brought about by new patents.> Long before the creation of the
new index, researchers had already observed that there are two distinct types of technologi-
cal shifts: “Major technological shifts can be classified as competence-destroying or com-
petence-enhancing [emphasis in original] ..., because they either destroy or enhance the
competence of existing firms in an industry. The former require new skills, abilities, and
knowledge in both the development and production of the product. The hallmark of compe-
tence-destroying discontinuities is that mastery of the new technology fundamentally alters
the set of relevant competences within a product class” (Tushman & Anderson, 1986, p.
442). In other words, some technological innovations improve upon established technolo-
gies without replacing them, whereas others render previous technologies obsolete.

Funk and Owen-Smith (2017) took manifold inspiration from the literature on techno-
logical shifts, but they were of the opinion that the dichotomy of competence-destroying or
competence-enhancing technologies lacked nuance. They argued that “a new technology’s
influence on the status quo is a matter of degree, not categorical influence” (Funk & Owen-
Smith, 2017, p. 792). Funk and Owen-Smith (2017) also claimed that established measures
of technological impact (like citation counts) only capture the magnitude of a technology’s
use and thus miss “the key substantive distinction between new things that are valuable
because they reinforce the status quo and new things that are valuable because they chal-
lenge the existing order” (Funk & Owen-Smith, 2017, p. 793). Therefore, they created the
DI, that could take advantage of vast patent databases like the U.S. Patent Citations Data
File. Since innovation is a valuable resource not just in the realm of technology (measured
by patents and their citations data), but also in the realm of science (measured by publica-
tions and their citation data), the concept of disruption attracted the attention of Wu et al.
(2019), who were the first to apply the DI, to the world of bibliometrics.

The DI, is based on citation networks (Fig. 1). Each citation network consists of three
elements: a focal paper (FP), a set of references cited by the FP (set R), and a set of citing
papers (set C). The citing papers are divided into three mutually exclusive groups. Group
F (for »FP«) encompasses all publications that cite the FP without citing even a single one
of the FP’s cited references. Publications that cite both the FP and at least one of its cited

2 Funk and Owen-Smith (2017) created the DI,, but the idea of using citation data to identify transforma-
tive research was proposed in earlier publications. For example, Huang et al., (2013, p. 291) stated in a
conference paper: “We view the process by which transformative research is recognized by the scientific
community as a competition between paradigms for the attention of the scientific community ... We claim
that transformative research shifts attention of the scientific community away from the established paradigm
and that this is observable as a disruption of the growth of its citations cascade. Disruption occurs when the
challenger paradigm can explain new citations received by the established paradigm”.
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Red (B) cites both the focal paper and
its cited references. (R) only
cites the focal paper’s cited references.
Both red and lead to lower
disruption scores.

Green (F) on the other hand
strengthens the disruption score of the
focal paper because green cites the
focal paper, but does not cite the focal

paper’s cited references.

Cited references Citing papers

15-10

Example: Np = 15; Ny = 10; N =2 - Trior

- DI, = 0.185

Fig. 1 Calculation of the DI, in a tripartite network. The illustration is based on Funk and Owen-Smith
(2017)

references belong in group B (for »both«), whereas group R (for »reference«) consists of
publications that cite at least one of the FP’s cited references without citing the FP itself.
Np, Ng and Nj represent the total number of papers in set F, B, and R, respectively.

The interpretation of N and Ny is rather straightforward: A large Ny indicates that the
FP renders its own cited references obsolete and is thus associated with highly disruptive
publications. In contrast, a large Ny is a sign of a consolidating publication because the
citation impact of the FP is dependent on the citation impact of its references. The intended
purpose of Ny is to weaken the disruption value of the FP, but this only works if the numer-
ator (N — Np) is positive. However, in case of (N fo NB) < 0, Nj actually strengthens the
disruption score of the FP (in the sense of being less consolidating). Since this inconsist-
ency poses a significant thread to the validity of disruption scores, more information on
this topic will be presented in Sect. “Ny as a source of inconsistency”. The DI, is equiva-
lent to the following ratio:

NF_NB

DI, = —L "B __
Ny + Ny + Ng

The DI, has a range of -1 to 1. Negative values are supposed to indicate developmental
papers, whereas positive values supposedly signify disruptive papers. Two things should
be kept in mind about the calculation of the DI,;: First, the DI, is based on bibliographic
coupling. Bibliographic coupling is a method that looks for publications that cite the same
references. The DI, applies bibliographic coupling to FPs and their citing papers. Conse-
quently, one might argue that the DI, “can be considered as a continuity indicator more
than a disruption indicator since the operation is grounded in bibliographic coupling. The
bibliographic coupling of a focal paper to its references generates a representation of conti-
nuity. From this perspective, discontinuity is indicated when the bibliographic coupling is
not sufficiently generating continuity” (Leydesdorff et al., 2021).

This point ties in with a second point: Following the terminology proposed by Bu et al.
(2021), DI, is a relative index because it treats disruption and consolidation as opposite
concepts. From an absolute perspective, the citation network of a FP may simultaneously
contain many bibliographic couplings links (indicating consolidating science) and a large
Ny (indicating disruptive science). In absolute terms, such a FP is both highly disruptive
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and highly consolidating. By contrast, from a relative perspective, the relationship between
disruption and consolidation is a zero-sum game: No publication may be both disruptive
and consolidating at the same time. For example, an article with a DI, score of 0.5 is sup-
posed to be more disruptive and less consolidating than an article with a DI, score of 0. An
article with a DI, score of 0.3 is less disruptive and more consolidating than an article with
a DI, score of 0.4.

The disruption index’s underlying theoretical concepts

In this section, implicit theoretical assumptions built into the DI, (and its modified vari-
ants) are explained in relation to two important theoretical concepts: the concept of novelty
and the concept of scientific revolutions. Although the literature does not provide a precise
definition of the term»disruption, it can be said with certainty that there are significant
differences between the concept of »disruption« and the concept of »novelty«. Research
on novelty indices predates the creation of the DI, by a couple of years (e.g. Foster et al.,
2015; Lee et al., 2015; Uzzi et al., 2013). Novelty indices are guided by the notion that
creativity is no creatio ex nihilo, but rather a cumulative process that manifests in atypical
combinations of prior knowledge. According to Lee et al., (2015, p. 685), novelty indices
were born out of a stream of research that “views creativity as an evolutionary search pro-
cess across a combinatorial space and sees creativity as the novel recombination of ele-
ments”. For example, researchers calculated the novelty value of papers by searching their
bibliography for atypical (Uzzi et al., 2013) or unique (Wang et al., 2017) combinations of
cited references.

In contrast to novelty indices, which only consider the cited references of a FP, the DI,
also considers the FP’s citing papers. This is not just a technical, but also a conceptual
difference. Novelty indices focus on the origin of creative ideas in combinatorial pro-
cesses. But, as Lee et al. (2015) explain, creativity is not just about the origin of ideas, it
is also their usefulness and impact that matters. By also considering citing papers in its
calculation, the DI, captures not just the origin, but also the impact of new ideas. This
is intuitively plausible since a novel idea that receives barely any attention from the sci-
entific community hardly deserves to be labelled »disruptive«: “Although novelty may be
necessary for disruptiveness, it is not necessarily sufficient to make something disruptive”
(Bornmann et al., 2020a, p. 1256).

The conceptual difference between disruption and novelty is also reflected in empiri-
cal results. By examining a dataset on Citation Classics, Leahey et al. (2023) showed that
only specific types of novelty are linked to higher disruption scores. In the Citation Clas-
sics dataset, new methods are positively associated with disruption scores, whereas new
theories and new results are negatively associated with disruption scores. Shibayama and
Wang (2020) investigated the relationship between two types of novelty (theoretical and
methodological) and disruption scores (see Sect. “Self-assessments of researchers”). The
study is based on data from a survey, which asked researchers to rate the theoretical and
methodological originality of their own publications. Shibayama and Wang (2020) found
that disruption scores are positively associated with self-assessed theoretical originality,
but not with self-assessed methodological originality. Even though it is difficult to draw
conclusions from two studies that employed different methods and produced seemingly
contradictory results, both Shibayama and Wang (2020) and Leahey et al. (2023) highlight
that only a specific subset of novel research is also disruptive research.
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In addition to novelty, the DI, also relies heavily on concepts inspired by Thomas
S. Kuhn’s theory of paradigm shifts (Kuhn, 1962). According to Kuhn, the history of sci-
ence can be categorized into two repeating phases: normal science and scientific revolu-
tions. Normal science is characterized by the modus operandi of a specific paradigm: “For
Kuhn science progresses by gradual, incremental changes in a particular discipline’s prac-
tice and knowledge” (Marcum, 2015, p. 143). The phase of normal science is brought to an
end by sudden paradigm shifts caused by scientific breakthroughs that drastically alter the
status quo. Within Kuhn’s theoretical framework, negative (or low) disruption scores are
often interpreted as representations of the consolidating nature of normal science, whereas
positive (or high) disruption scores are supposed to indicate drastic scientific break-
throughs or even paradigm shifts (e.g. Bornmann & Tekles, 2021; Bornmann et al., 2020a;
Li & Chen, 2022; Liang et al., 2022; Shibayama & Wang, 2020; S. Wang et al., 2023).

Variants of the disruption index

Since the introduction of DI, by Funk and Owen-Smith (2017), a number of researchers
have suggested modified variants of the index. These variants will be explained in this sec-
tion.> The explanations do not follow a chronological order; instead the different variants
are categorized into distinct groups based on their specific type of modification.

Disruption and citation impact

The first alternative to the DI, was suggested by Funk and Owen-Smith (2017) themselves.
In addition to the DI, they also proposed the mDI,. The difference between the two indices
is the inclusion of the weighting parameter m,, which captures only those citations directly
linked to the FP.

m, Np — Np
mDI| = — x ———>—
n, Ng+ Np+ Np

“In this formulation, m, differs from 7, in that the former counts only citations of the
focal patent, whereas the latter includes citations of both the focal patent and its predeces-
sors” (Funk & Owen-Smith, 2017, p. 795). Whereas the DI, “does not discriminate among
inventions that influence a large stream of subsequent work and those that shape the atten-
tion of a smaller number of later inventors” (Funk & Owen-Smith, 2017, p. 795), the mDI,;
also accounts for the magnitude of a patent’s use. Even though the mDI, so far has received
little attention from researchers, the idea of an index that measures both citation impact and
disruption is not without merit.

Consider the hypothetical case of two papers A and B: A and B are assigned identical
DI, scores, but A’s citation impact by far surpasses B’s citation impact. This in turn means
that A inspired many researchers to pursue new ideas, whereas B did not have a lasting
impact on the scientific community. While there are good reasons to differentiate between
low and high impact research in measuring disruption, Wei et al. (2023) argue that the

3 Jiang and Liu (2023b) mention three variants of the DI, that we are unfortunately not able to cover in this
review because the papers they were proposed in are only available in Chinese. These two papers are Liu
et al. (2020) and Song et al. (2022).
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Fig.2 Classification of con- 3
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based on Wei et al. (2023)
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influence of citation impact is too dominant in the calculation of the mDI; because of the
different scaling of citation counts and disruption scores.

As an alternative to distilling citation impact and disruption values down to one number,
Wei et al. (2023) constructed a two-dimensional framework that keeps the measurement of
citation impact and disruption separate (Fig. 2). In this framework, publications with both
high citation counts and high disruption scores are classified as revolutionary science. Arti-
cles like paper B in the example above fall in the low impact direction-changing science
category because they introduce original ideas, but do not gain the recognition of many
researchers. High impact incremental science represents influential consolidating research.
Most articles are low impact incremental science since they neither contain revolutionary
ideas nor do they gain a lot of attention in the form of citations.

Wei et al. (2023) drew the line between consolidating and disruptive science at a DI,
value of 0, taking advantage of the fact that negative DI, values are supposed to indicate
consolidating publications. For the x-axis in Fig. 2, the choice for the dividing line is less
clear. Wei et al. (2023) used logarithmized citation counts and placed the dividing line
between high and low impact science at a value of 2.0. As an alternative to logarithmized
citation counts one could use the average or median citation counts (or a relative measure
of citation impact like citation percentiles).

Depending on the research evaluation context, it might be worth considering not only
the magnitude, but also the field-specificity of a publication’s citation impact. Hypotheti-
cally, two papers A and B may have identical citation counts and disruption values, but
differ greatly in the way they exert influence on the scientific community: While Paper
A is a source of inspiration for scientists from many different disciplines, Paper B mainly
grabs the attention of scientists working within a specific field. Since the DI, considers all
citations of the FP regardless of the disciplines the citing papers belong to, it would not be
able to distinguish between papers with a broad citation impact (like Paper A) and papers
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with a field-specific citation impact (like Paper B).* This is an issue if one seeks to find the
most disruptive publications in a particular discipline. Therefore, Bornmann et al. (2020b)
suggested an improved field-specific variant of the DI,. In order to find disruptive papers
published in Scientometrics, they redefined Ny and Ny, as follows:

J N,Ig: Number of papers citing the FP, and at least / of the cited references of all Sciento-
metrics papers published in the same year as the FP.

e Np: Number of papers citing at least one of the cited references of all Scientometrics
papers published in the same year as the FP, but not the FP itself.

The reasoning behind the addition of the threshold 7 to N will be discussed in the next
section. Following Bittmann et al. (2022), the field-specific versions of the DI, will be
referred to as DI,,,. Compared to DI;, DI, is based on a larger set of cited references as it
does not only consider the cited references of the FP, but all cited references of all papers
published in a certain journal within a certain time window.

Dealing with noise caused by highly cited references

Recall that Ny denotes the number of publications that cite at least one of the FP’s cited
references, but do not cite the FP itself. Since Ny is part of the denominator, a large Ny
pushes DI, scores closer to zero (see Sect. “Ny as a source of inconsistency”). Because Np
essentially captures the citation impact of the FP’s cited references within the citation net-
work, the FP’s disruption value could be biased by the number of references it cites and by
the citation impact of these references. Bornmann and Tekles (2021) explain this problem
in detail: “Suppose that a focal paper cites a few highly cited papers, which are very likely
to be cited by papers citing the focal paper, even if the focal paper is rather disruptive. In
such a situation, the citing papers with only a few citation links to the focal paper’s cited
references may not be adequate indices for disruptive research” (see Sect. “Possible biases
caused by the number and the citation impact of cited references”).

Bornmann et al. (2020a) were the first to suggest a way to eliminate biases caused by
highly cited references. They modified DI, by implementing a threshold (/ > 1) so that
only those citing papers that cite at least I of the FP’s cited references are considered in
the calculation of the index values. Whereas the DI, only takes into account whether or not
there is at least one bibliographic coupling link between the FP and its citing papers, DI;
also considers the strength of the bibliographic coupling links. More specifically, Born-
mann et al. (2020a) recommend a threshold of I = 5. DI excludes all citing papers that
cite less than five of the FP’s cited references and thereby focuses on citing papers that rely
more heavily on the FP’s cited references. In the hypothetical case of a FP that cites three
highly influential publications, DI5 would not consider citing papers that cite only these
three publications and none of the other references cited by the FP.

Recently, Deng and Zeng (2023) suggested a different way to get rid of the noise brought
about by highly cited references. Instead of excluding citing papers that do not reach a
minimum threshold of bibliographic coupling links with the FP, they opted to use a thresh-
old X so that the X% most highly cited references are selected and excluded. As Fig. 3

4 The distinction used here is related, but not identical to the distinction between broad and deep citation
impact that was introduced by Bu et al. (2021).
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Highly cited reference

Cited references

Focal paper

Citing papers

DI, Diys

Fig.3 Comparison of how DI, and DIy, handle highly cited references. Illustration based on Deng and
Zeng (2023). The colour green represents N, red represents Ny, and orange represents Ny

illustrates, the exclusion of highly cited references could turn some red (Ny) or orange (Ny)
citing papers into green citing papers (V). Deng and Zeng (2023) chose to refer to their
new index by the simple name of »new disruption«. To fit in it with the denotation used
for other variants, the »new disruption« will be denoted as DIy, for a threshold of X (e.g.
DI, y, DIy, DI, etc.).

Variants without N,

DI, and DIy, keep Ng, but try to eliminate some of the noise caused by highly cited refer-
ences. A potential disadvantage of indices like DI; and DIy, is that they rely on arbitrary
thresholds (I = 5 and X = 3). Instead of using thresholds, one could also drop Ny entirely.
Dropping Ny, results in indices considering only such citing papers that cite the FP. Wu and
Yan (2019) discussed an index that corresponds to DI, but drops Ng. In line with the deno-
tation used by Bornmann et al. (2020a), indices of this type will be referred to as DI"R.
DInoR — Np =N, B
Ni+ N
Another approach to get rid of N, was suggested by Bu et al. (2021) in a paper that
introduced the dependency index (DEP).> The “DEP is defined as the average number of
citation links from a paper citing the FP to the FP’s cited references. A high (average)

5 The original name of the DEP is MR [cited_pub], but this paper follows the denotation adopted by the
subsequent literature, specifically Bornmann et al. (2020a), Bornmann and Tekles (2021), and Bittmann
et al. (2022).
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Red arrows represent bibliographic
coupling links. The higher the
proportion of red arrows in citation
network, the lower the value of the
Shibayama-Wang originality.

Green dashed lines indicate that the
citing paper does not cite a specific
cited reference. The higher the
proportion of green dashed lines,
the higher the value of the
Shibayama-Wang originality.

Focal paper
BN

Cited references Citing papers

_ (4x1)+(2x0)
2X3

Origpese = 1 =0.33

Fig.4 Graphical representation of the Shibayama-Wang originality in a simple citation network. The links
connecting the FP to its cited references were left out for aesthetic reasons

number of such citation links indicates a high dependency of citing papers on earlier work
so that disruptiveness is represented by small values of DEP” (Bittmann et al., 2022, p.
1250).

T
DEP = &
c

In this formulation, T} represents the total number of bibliographic coupling links
between the FP and its citing papers. C is the total number of citing papers. As the name
suggests, the DEP measures how strongly the citation impact of the FP depends on the
citation impact of its references. Unlike the other variants discussed so far, the DEP does
not have a theoretical upper bound. Because the DEP measures the opposite of disruption,
low DEP values correspond to high values of other variants. An inverse version of the DEP
is perhaps easier to interpret (when other index variants are also used in a study). Bitt-
mann et al. (2022) constructed the inverse DEP by subtracting the DEP values of every FP
from the empirical maximum value observed in the sample and adding 1 to the result. The
inverse DEP has a theoretical upper bound of 1, but no theoretical lower bound.

A third variant of the DI, without Ny is the Shibayama-Wang originality, named after
its creators Shibayama and Wang (2020). They took advantage of the fact that dropping
Ny allows them to construct an index that counts the actual bibliographic coupling links
instead of counting the linked publications. The originality index, denoted as Orig,,,, 1S
calculated as follows:

C

R
. _ 1 . _ | lifccitesr
Origpase = 1 CR C:ZI Z{xcr with x, = { 0 otherwise
In the formula, C denotes the total number of the FP’s citing papers and R denotes the
total number of the FP’s cited references. Analogously, r and ¢ refer to a specific citing
paper and a specific cited reference, respectively. The originality score ranges from O to
1 and is equivalent to the proportion of x,. = 0 in the citation network (represented by

green dashed lines in Fig. 4). Like other index variants, the Shibayama-Wang originality is
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influenced by cited references with high citations counts. Shibayama and Wang (2020) also
address the possibility that the number of cited references of the FP’s citing papers could
bias the calculation of the originality index because papers with many references in set C
are more likely to cite papers in set R. To tackle these two sources of bias, Shibayama and
Wang (2020) suggested two weighted versions of Orig,,,.,:

C R
Ori - L ZC=1 Zr=| Xer
T8 eighted ye = 1 — 1_3 X C
DI

C R
TR x,
X —_—
C R
ZC=1 Ye Zr=1 <r
In the formulas, y, denotes the reference count of the cth citing paper; z, is the citation

count of the rth cited reference. L is an arbitrary positive number, which may be chosen so
that the minimum originality value equals zero.

Ongweighted,zr =1-L

Disentangling disruption and consolidation

The index variants discussed so far treat the relationship between disruption and consolida-
tion as a trade-off because they distil the disruptive and consolidating aspects of a given
publication down to a single number. In certain cases, it may be more useful to treat dis-
ruption and consolidation not as opposites, but as two distinct concepts, which require two
distinct indices. As demonstrated by Leydesdorff et al. (2021), the simplest way to con-
struct indices that serve this purpose is to change the numerator in the calculation of the
DI;:

Ng " Npg

pr=—2"% _.pf=—_"8
Ny + Ny + Ny, Ny + Ny + Ny,

These modified variants of the DI, separate the concepts of disruption and consolida-
tion: The DI* measures disruption, whereas the DI* measures consolidation. Both indices
are positive by definition and thus have a range of O to 1. Leydesdorff et al. (2021) illus-
trated the advantage of having two indices using the example of two papers, Paper A and
Paper B.

e PaperA : Ny =10, Nz = 10, N = 100
e PaperB : N, = 10,N; = 100,N, = 10

The DI, assigns the value of 0 to Paper A and -0.75 to Paper B respectively. This might
lead to the conclusion that Paper B is less disruptive. However, a more detailed inspection
using the DI* and the DI* reveals that the DI* — focusing on disruption — assigns the same
value (0.083) to both papers, implying that they are equally disruptive. The two publica-
tions only differ with respect to their consolidation values. The DI” value is ten times larger
for Paper B (0.83) than for Paper A (0.083), meaning that Paper B is more consolidating
than Paper A. In addition to this example, Leydesdorff et al. (2021) also provided another
more conceptual argument for the use of DI* and DI” that relates to the weight given to Ny
in the calculation of the index values: “The difference between the total number of citing
papers (Ny. + Nj) and the value in the numerator ... is (N + Ng) — (Ny — Np) =2 X Np.
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One could argue that it would be more parsimonious to subtract N only once from the
total citations (N + Np)” (Leydesdorff et al., 2021).

A different line of argument was put forward by Chen et al. (2021) in the context of
research on patent data. They criticized the dichotomous typology of either competency-
destroying or competency-enhancing technologies, which is fundamental to the construc-
tion of the DI, as being too one-sided. The main reason for this criticism is the failure
of the dichotomous typology to identify »dual technologies« (Chen et al., 2021). Dual
technologies consolidate some of their prior arts while simultaneously disrupting others:
“For example, digital photography was built on electrical technology and simultaneously
destabilized chemical photography” (Chen et al., 2021). Chen et al. (2021) operational-
ized the dual view of technology by modifying the tripartite network structure of Funk
and Owen-Smith (2017), such that for every FP there is a set p of prior arts (denoted
as p = [py,...,p;]). The DI, is split into two distinct indices D and C’. The calculation of
D and C involves two steps: In the first step, for every prior art p; the respective D; and C;
values are calculated as follows:

SN e M
Ni+NL+ N, Ni+Ni + N,

i

D=%x;Di;C=%x;Ci

Analogous to the calculation of the DI}, N; denotes the total number of publications
that cite the FP but not p;, Ny, represents the total number of publications that cite both
the FP and p; and N, is the total number of publications that cite p;, but do not cite the FP.
In the second step, the final D and C values are calculated by averaging across all D; and
C;. The D and C indices provide detailed insights into the citation networks of patents and
papers. Not only do they allow for the separate calculation of disruption and consolidation
values, but the respective D, and C; values also provide information about the relationship
between a FP and its prior arts. Chen et al. (2021) illustrated the advantage of using sepa-
rate indices for disruption and consolidation scores by constructing a more nuanced frame-
work of technological innovation. As shown in Fig. 5, dual technologies are characterized
by both high D and high C values. Both this framework and the D and C indices may be
repurposed for bibliometrics by simply replacing the prior arts p, ..., p; with cited refer-
ences ry, ..., r; (Li & Chen, 2022).

Measuring disruption with keywords and MeSH terms

While all studies mentioned so far try to measure disruption using citation networks,
researchers have also made efforts to measure disruption and/or novelty with key words

® Yang, Deng, et al. (2023) proposed a 2-step variant of DI* called 2stepD, which considers two genera-
tions of citing papers (i.e. papers that cite the FP’s citing papers). According to Yang, Deng, et al. (2023),
the 2stepD is aimed at the identification of critical nodes in networks (e.g. social networks, transportation
networks, and biological networks). Since there is no clear connection between the 2stepD and scientomet-
rics, it is not covered in detail in this review.

" The D and C indices were first proposed in a conference paper (Li & Chen, 2017). In this review, we
focus on the more fleshed out article (Chen et al., 2021).
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Fig.5 Framework for the clas- Highly Destabilizing
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Fig. 6 Graphical representation of an ED network. The illustration is based on S. Wang et al., (2023)

and text data (e.g. Arts et al., 2021; Boudreau et al., 2016; Foster et al., 2015; Hou et al.,
2022). S. Wang et al., (2023) introduced the »entity-based disruption index« (ED) in an
effort to combine network-based and text-based approaches. Instead of counting citations,
ED relies on keywords to capture the flow of knowledge elements within a citation net-
work. The authors operationalized knowledge elements using Medical Subject Headings
(MeSH, National Library of Medicine). MeSH terms are manually assigned by experts (in
the corresponding fields) to describe the content of biomedical literature. There are two
types of MeSH terms: Major topic MeSH terms, on the one hand, describe the main con-
cepts of a publication. Subheading MeSH terms, on the other hand, provide supplementary
information about a publication’s content. Whereas the ED does not distinguish between
major topic and subheading MeSH terms, it differentiates between six different types of
occurrences of knowledge elements within a citation network (Fig. 6).

S. Wang et al., (2023) tested two different ways to operationalize knowledge ele-
ments. The first approach treats every MeSH term as a knowledge element. This
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means that the resulting index, referred to as ED ), looks for FPs with unique MeSH
terms (compared to their cited references). By contrast, the second approach is based
on MeSH co-occurrences. Therefore, the ED,), searches for unique combinations of
MeSH terms. Out of all variants of the DI, (explained so far), the ED ), shares the
most similarities with key-word-based novelty indices.
EDg = NRp — nRB;EDC 1 i Nep + Nec — Nea — Acr
Nep +nee +Neq + Neg

c=1

ED = a X EDy + (1 — @) X ED,-

The calculation of the ED takes three steps. In the first step, the ED considers
the relationship of the FP to its cited references. The EDy “quantifies the knowledge
change directly caused by FP compared to existing research stream” (S. Wang et al.,
2023, p. 154) by subtracting the proportion of knowledge elements found in both the
FP and its cited references (RB) from the proportion of knowledge elements only found
in the FP (RF).

This procedure is followed up by a second step that groups the knowledge elements
contained in the FP’s citing papers into one of four categories: “(1) knowledge ele-
ments derived exclusively from FP [CF]; (2) knowledge elements derived from both
FP and its predecessors [CA]; (3) knowledge elements only derived from FP’s pre-
decessors [CR]; and (4) knowledge elements that only appear in the citing publica-
tion itself [CC]” (S. Wang et al., 2023, pp. 154-155). Like in step one, the number of
knowledge elements that originate from the FP’s cited references is subtracted from
the number of the elements that indicate new and original ideas introduced by either
the FP or its citing papers. In the third and last step, the two equations from step one
and two are combined using a parameter « that defaults at 0.5 and can be used to give
more weight to one part of the equation, if so desired. In fact, S. Wang et al., (2023)
recommend using a < 0.5 because their results suggest that ED. contributes more to
correct identification of breakthrough papers than EDy. Since the calculation of the ED
involves multiple steps, the six groups of knowledge elements are not mutually exclu-
sive. For example, one and the same knowledge element may be part of RF in step one
and CF in step two.

Following the example of Funk and Owen-Smith (2017), S. Wang et al., (2023) also
suggested a second version of the ED that includes a weighting parameter m,. The
parameter m, measures the extent to which the FP’s knowledge elements are used by
future research and is calculated as follows:

Ng—N_;
m, = &;mED=m,xED
Nmax_y _Nmin_y

In this calculation, “Nj is the number of papers that cite FP and share at least one
knowledge element with FP at time 7, Ny, , is the minimal value of Ny of all papers
published in year y, and N, , is the maximum value of N of all papers published in
year y” (S. Wang et al., 2023, p. 155). By including m, in the calculation of the ED,
the weighted entity-based disruption index (mED) is obtained. The mED measures the
time-normalized and knowledge-filtered citation impact of the FP. Both the ED and the

mED range from -1 to 1.
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Table 1 Illustration of possible combinations of different variants of the DI,

Indicator I1=5 X=3 No Ny Field-specific m,

DI, / DI DIk DI, mDI
DI, DI** / DI,k DIy, mDI,,,
DI, ™R DI,k DIL,,"R / DI, "R mDI, "R
DI, DI, Dy, DI, "R / mDI,,
mDI, mDI mDl,y, mDI,"R mDI,, /

D and C Ds; Cs D3y Csq DR, CnoR Dn; Cn mD; mC
DEP DEP; DEP;, / DEP, mDEP
Origyyge Origyyg.” Origye / Origpy." mOrigy,..
ED ) ED.,’ ED,** / ED )" mED,,

Illustration of possible combinations

Since most of the variants of the DI, do not mutually exclude each other, there are many
possible combinations of different variants. For example, merging the DIy, with m;, results
in mDIs,. Because the great diversity of possible combinations makes it impossible to
list them all, Table 1 merely serves to hint at the great number of possible index variants.
Although not all combinations of indices are equally fruitful, Table 1 gives researchers the
option to choose a variant that is tailored to the specific research questions they want to
answer. For example, researchers who want to find the most disruptive publications in spe-
cific disciplines might find DI, useful.

Possible disadvantages of using citation data to measure disruption
and consolidation

With the exception of the ED, the DI, and all of its variants rely on citation data to measure
disruption and consolidation. For multiple reasons, citation data may not be treated as a
perfect representation of the disruptive and consolidating qualities of publications and pat-
ents. The citations of patents and scientific publications paint only an incomplete picture of
the knowledge and the ideas that circulate through the relevant communities. Not all inven-
tors seek patent protection for their inventions (Funk & Owen-Smith, 2017), and not all
publications are properly indexed by bibliometric databases. In the science system, the gap
between the total amount of publications and the amount of publications indexed by biblio-
metric databases is much larger in the social sciences and the humanities than in the natural
and life sciences (Bornmann, 2020; Moed, 2005). In summary, this means that there is the
danger of selection bias when using citation data to measure disruption and consolidation.
The DI, and its variants are further limited by the fact that actual citation behaviour
is not always in line with the normative citation theory (Merton, 1988), which states that
citations represent cognitive influences and are used to give credit to previous research or
to prior arts. In reality, however, the inclusion or omission of citations of patents may be a
strategic process and some companies may have incentives not to properly cite all prior arts
(Alcécer et al., 2009). Similarly, the cited references of a scientific publication often do not
represent all of the sources of inspiration that went into a paper (Tahamtan & Bornmann,
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Table 2 Tllustration of the

FP N N N DI
inconsistency caused by Ny ¥ B R !
based on Wu and Wu (2019) A 90 10 0 0.80

B 90 10 100 0.40

C 10 90 0 -0.80

D 10 90 100 -0.40

2018b). Since citations are a “complex, multidimensional and not a unidimensional phe-
nomenon” (Bornmann & Daniel, 2008, p. 69), any application of the DI, and its variants
will be limited by noisy data.

In addition to the general limitations of citation data, the following subsections provide
a summary of studies that examine possible (data-induced) biases that might affect the DI
and its variants. An unbiased index should only be affected by parameters that relate to
the theoretical construct that the index is supposed to measure. In case of the DI, and its
variants, this means that disruption scores should only reflect the disruptive and consolidat-
ing qualities of publications (and nothing else). If, on the other hand, parameters that are
unrelated to disruption and consolidation affect disruption scores, then it may be concluded
that the DI, and its variants suffer from biases. Each of the following subsections represent
a different kind of bias that was investigated in the literature: inconsistency, time-depend-
ency, biases related to reference lists, and coverage-induced biases.

N; as a source of inconsistency

Consistent disruption indices should have the following feature: Disruptive qualities of
a FP should always lead to higher disruption scores and consolidating qualities should
always lead to lower or negative scores. With only a few calculations, Wu and Wu (2019)
managed to prove that the DI, as well as many of its variants are not consistent. The incon-
sistency is caused by the term Ny. N represents consolidating qualities and is therefore
supposed to weaken the disruption score of papers. This works as intended, as long as the
numerator (N — Np) is positive. In case, however, that (N < Np) an issue arises: Ny actu-
ally strengthens the disruptiveness of papers with negative disruption scores. This prob-
lem is illustrated in Table 2. As Table 2 shows, the performance of FP C and FP D is
identical with the exception of the N, values. FP D should be assigned a lower disrup-
tion score than FP C, since a high N is supposed to indicate consolidation. The results
in Table 2 show, however, that N artificially inflates FP D’s disruption score because it
strengthens the denominator. Thus, FP D is falsely rewarded with a higher DI, score than
FP C. The issue is caused by the fact that Ny is only part of the denominator and thus has
no influence on whether the disruption score is positive or negative: DI; < 0if Ny < Np.
The same issue also affects mDI;, DI;, DIy,, and DI,. Variants that are positive by defini-
tion as well as variants that do not contain Ny do not suffer from the inconsistency. The ED
is also not affected because every term in the denominator is even part 