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ABSTRACT

This study examines two dynamic metrics for assessing technological innovation— the text-based breakthrough
index (KI index) and the citation-based disruption index (CD index)—both of which integrate ex-ante (novelty)
and ex-post (impact) information. The KI index identifies breakthrough inventions by measuring their novelty
(low similarity to prior patents) and impact (high similarity to future patents), whereas the CD index quantifies
technological disruption by analyzing shifts in citation patterns. Using a dataset of over six million patents filed
with the USPTO between 1980 and 2017, this paper finds that KI and CD indices are highly correlated and both
effectively capture technological breakthroughs. Patents with high KI or CD scores typically originate from
original and narrowly focused knowledge bases. However, the two indices exhibit distinct patterns: (1) the KI
index fluctuates with economic cycles, while the CD index has experienced a steady decline over time; (2) the KI
index positively correlates with future patent citation impact, whereas the CD index follows a U-shaped rela-
tionship with patent citation impact; and (3) small and remote teams produce higher KI but lower CD scores,
potentially because larger teams cite newer, widely recognized references. I discuss innovation con-
cepts—breakthroughs, disruptions, and beyond—to contextualize these findings and explore their implications
for understanding technological advancement. These results contribute to the discourse on measuring innovation
and underscore the complementary strengths of text-based and citation-based approaches in assessing techno-

logical progress.

1. Introduction

Technological breakthroughs and disruptions are pivotal drivers of
economic growth and industrial transformation, introducing novel
ideas, reshaping knowledge landscapes, and influencing future in-
novations. Breakthroughs represent inventions that combine significant
originality with widespread future impact, while disruptions funda-
mentally alter existing technological paradigms by displacing prior
knowledge. Accurately measuring these phenomena is crucial for poli-
cymakers, industry leaders, and researchers aiming to foster and un-
derstand technological progress (Fortunato et al., 2018; Higham et al.,
2021). However, dynamically assessing how a patent contributes to
knowledge evolution remains challenging, requiring metrics that inte-
grate ex-ante novelty (originality at filing) and ex-post impact (subse-
quent influence).

Conventional metrics for assessing innovation typically focus on
either novelty or impact, each with inherent limitations. Ex-ante

measures, such as atypical knowledge combinations, novel terminology,
or interdisciplinarity based on backward citations, capture a patent's
originality at the time of filing (Arts et al., 2025; Azoulay et al., 2011; Di
Bona et al., 2025; Fleming, 2001; Foster et al., 2015). In contrast, ex-post
metrics, like forward citation counts or economic value estimates, gauge
a patent's influence after filing (Hall and Harhoff, 2012; Kogan et al.,
2017). For instance, forward citations reflect how frequently a patent is
referenced by later inventions, while economic value assessments
quantify market significance. However, these approaches often fail to
bridge novelty and impact, limiting their ability to identify true break-
throughs that combine originality with transformative influence
(Higham et al., 2021). This gap highlights the need for metrics that
dynamically connect a patent's origins and its future contributions.
The text-based breakthrough index (KI index), proposed by Kelly
etal. (2021), addresses this need by measuring breakthrough inventions
through textual analysis. The KI index evaluates a patent's novelty (low
textual similarity to prior patents) and impact (high textual similarity to
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future patents) using natural language processing (NLP). By leveraging
global patent data within specific time windows, it offers a citation-
independent perspective, capturing breakthroughs that set new tech-
nological agendas. In contrast, the citation-based disruption index (CD
index), introduced by Funk and Owen-Smith (2017), quantifies disrup-
tion by analyzing how a patent alters citation patterns, displacing prior
technologies in subsequent citations. Relying on local citation networks,
the CD index has revealed trends such as the higher disruptiveness of
small, localized teams and a decline in disruptive innovation over time
(Lin et al., 2023; Park et al., 2023; Wu et al., 2019). Both indices inte-
grate ex-ante novelty and ex-post impact, linking a patent's predecessors
and successors, though other related measures, such as textual factor-
based (Cong et al., 2024) and knowledge entity-based (Wang et al.,
2023) approaches, exist. This study focuses on comparing the KI and CD
indices to elucidate their distinct roles in measuring breakthroughs and
disruptions.

This paper provides a comprehensive comparison between the text-
based KI index and the citation-based CD index, using a dataset of
over six million patents filed between 1980 and 2017. The findings
reveal that both indices effectively identify transformative technological
breakthroughs, with high-scoring patents often emerging from original
and narrowly focused knowledge bases. However, key differences
emerge: (1) the KI index fluctuates with economic cycles, while the CD
index shows a steady decline; (2) the KI index positively correlates with
future patent citation impact, whereas the CD index exhibits a U-shaped
relationship; and (3) small and remote teams tend to produce patents
with higher KI scores but lower CD scores, possibly due to larger teams
citing newer, more popular references. These findings offer valuable
implications for research and policy. Researchers benefit from under-
standing the complementary strengths of text-based and citation-based
metrics, enabling better tool selection for innovation studies. Policy-
makers gain insights into how economic conditions and team dynamics
shape breakthroughs, guiding strategies to promote transformative
technologies through tailored support for diverse team structures or
during economic fluctuations.

The structure of this paper is similar to Higham et al. (2021), which
compares different technological innovation measures at the patent
level, but the content and implications are distinct. First, the two
innovative metrics analyzed in this paper incorporate both ex-ante
(novelty) and ex-post (impact) information. While their rationale and
definitions are similar, they employ fundamentally different method-
ologies—one based on complex networks and the other on natural lan-
guage processing (NLP) techniques. Second, the KI and CD indices are
relatively new, and their patterns and implications remain underex-
plored. Third, this paper contributes to recent debates surrounding
disruptiveness in science and technology (Leibel and Bornmann, 2024;
Macher et al., 2024). The discussion of the CD index has sparked
widespread interest, yet no comparable text-based metric has been
available for comparison until now. By bridging this gap, this paper
offers valuable insights into the multidimensional nature of innovation
and patent impact.

The remainder of this paper is structured as follows. Section 2 pro-
vides theoretical background on citation-based and text-based innova-
tion metrics and describes the dataset. Section 3 details the
methodologies used to compute the KI and CD indices, along with the
regression models employed. Section 4 presents the main findings,
comparing the dynamic patterns of the two indices. Finally, Section 5
concludes with a discussion of the broader implications for under-
standing technological innovation.

2. Background
2.1. Technological innovation

The literature presents various definitions related to innova-
tion—such as disruption, breakthroughs, creativity, and novelty
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(Azoulay et al., 2011; Fortunato et al., 2018; Foster et al., 2015; Hall and
Jaffe, 2018)—though a comprehensive review of this extensive body of
work is beyond the scope of this discussion. Instead, this paper adopts a
pragmatic approach, focusing on empirical data derived primarily from
patents (Arts et al., 2021; Higham et al., 2021).

Traditional methods for measuring technological innovation in the
context of patents often operate from an ex-ante perspective, neglecting
the focal patents' potential future impact. Such approaches are typically
associated with the concept of novelty rather than disruption. Theoret-
ical perspectives emphasize the recombination of existing knowledge as
a primary driver of breakthrough innovation (Fleming and Sorenson,
2001; Fontana et al., 2020; Uzzi et al., 2013). Innovation frequently
arises from the integration of ideas or knowledge across disparate fields,
with cross-sectoral knowledge flows playing a critical role in this process
(Gates et al., 2019). The innovation process has often been described as
an exploration of combinatorial possibilities, from which new insights
and breakthroughs emerge. Prior studies have underscored the impor-
tance of recombination in linking innovation with substantial scientific
and technological advancements. Azoulay et al. (2011) characterize
creativity as a cumulative and interactive process of recombining
existing knowledge, while Uzzi et al. (2013) quantified the relative
commonness of journal pairs cited in a given paper, using the lowest
10th percentile of commonness scores to represent novelty and median
scores to reflect conventionality.

However, identifying novel patents through such methodologies
does not necessarily indicate that they represent breakthrough in-
ventions. For an invention to be genuinely transformative, it must be
adopted and utilized within its field, analogous to how a biological
mutation must reproduce to exert evolutionary influence (Mokyr, 1990).
Not all combinations of distant technologies result in mainstream in-
novations, and there is frequently skepticism surrounding novelty.
Arthur (2007) contended that truly radical technologies emerge from
pre-existing building blocks, alongside a profound theoretical under-
standing of how to manipulate these technologies for specific applica-
tions. Accordingly, disruptive innovations must incorporate novel
combinations of existing technologies in ways that are both relevant and
applicable within their domain. Foster et al. (2015) observed that
innovative publications tend to exert a greater impact compared to more
conservative works, though they are also subject to a higher risk of
failure. Wang et al. (2017) highlighted that highly novel articles are
more likely to be published in journals with lower impact factors, sug-
gesting that unconventional combinations often struggle to gain im-
mediate acceptance within the academic mainstream. While novel ideas
inherently involve risk, many fail to result in major breakthroughs, as
new combinations alone may be insufficient for genuine disruption (Sun
et al., 2021). Therefore, ex-post dimensions, such as the future impact of
patents, should also be considered when attempting to quantify break-
through inventions.

2.2. Text-based breakthrough measures

As outlined above, measuring transformative innovation requires an
examination of both ex-ante novelty and ex-post impact of a given item.
Consequently, quantifying breakthrough innovation in science and
technology solely on the basis of textual data presents challenges,
particularly due to the difficulty in assessing ex-post impact without
relying on citation data. However, recent advancements in natural
language processing (NLP) and large-scale full-text data analysis have
led to the development of methods aimed at quantifying innovation at
the textual level.

Hofstra et al. (2020) employ NLP techniques such as phrase extrac-
tion and structural topic modeling to identify terms representing sub-
stantive concepts across millions of documents in the ProQuest
Dissertations database. By summing the number of novel conceptual co-
occurrences in each thesis, they create a measure of conceptual novelty.
They also track how frequently a thesis's new conceptual linkages are
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incorporated into subsequent documents over time. Similarly, Sun et al.
(2021) apply topic modeling to a corpus comprising the full text of
patents within a specific technological field. The topics identified define
a “technological space,” from which the authors develop continuous
measures of a patent's relevance—based on its similarity to the main-
stream technological trajectory within this space over time. Their
method enables the identification of potential breakthrough inventions
that may influence the rate and direction of technological development
in the focal field. Crucially, their framework calculates not only back-
ward similarity (relevance to past work) but also forward dynamic
similarity (relevance to future developments).

This paper aims to compare text-based breakthrough measures with
citation-based disruption measures. One of the primary measures
examined is the recent breakthrough metric (KI index) introduced by
Kelly et al. (2021). Building on the work of Kogan et al. (2017), Kelly and
colleagues construct a comprehensive full-text patent dataset, covering
nearly all patents issued by the U.S. Patent and Trademark Office
(USPTO). They identify breakthrough patents by analyzing the textual
similarity of a given patent to both preceding and subsequent work,
focusing on patents that are distinct from prior work yet related to
subsequent innovations. Notably, this method does not rely on citation
data and encompasses the global textual knowledge represented in the
USPTO patent database.

The KI index measures a patent's breakthrough potential by assessing
its textual novelty (low similarity to prior patents) and impact (high
similarity to future patents). Using a point-in-time Term Frequency-
Inverse Document Frequency (TF-IDF) approach, it computes pairwise
textual similarities between a focal patent and other patents. The KI
index is defined as the logarithmic ratio of summed textual similarities
with forward patents to those with backward patents, where higher
values indicate greater innovation.

This approach assumes that patent text accurately reflects techno-
logical content and that textual similarity captures meaningful re-
lationships. However, a key limitation of the KI index is its reduced
effectiveness over long-time windows (Kelly et al., 2021), where the
ratio of signal to noise may decline due to the sparsity of relevant future
patents, weakening the informativeness of textual similarity. Despite
this, the KI index captures four core dimensions: novelty (textual
divergence from prior work), impact (alignment with future in-
novations), global scope (considering all USPTO patents), and dynamic
evolution (linking past and future knowledge). It provides a global view
of technological trends, is independent of citation data, and demon-
strates strong predictive power (Cong et al., 2024; Kelly et al., 2021).

2.3. Citation-based disruption measures

Technological disruption is often closely associated with the concept
of technological breakthroughs, as both entail sudden shifts that alter
the prevailing status quo (Bower and Christensen, 1995; Kuhn, 1962).
The number of forward citations is frequently used to estimate a patent's
future technological impact, as citation data is widely accessible, mak-
ing citation-based disruption measures relatively straightforward to
compute. However, one significant limitation of citation-based metrics
is that citation information tends to be local rather than global. In many
cases, knowledge is not accurately acknowledged by authors or patent
examiners, and citations serve as an imperfect proxy for knowledge
flows. This is particularly problematic due to the considerable hetero-
geneity among different teams, sections, and industries, which may
introduce biases in citation analysis. Although some studies combine ex-
ante novelty measures with ex-post citation counts to assess break-
throughs (Esposito, 2023), this paper does not focus on such hybrid
approaches. Instead, the emphasis is placed on the citation-based
disruption measure known as the CD index, which, despite its rela-
tively recent introduction, has gained widespread usage, including in
three research articles published in Nature (Lin et al., 2023; Park et al.,
2023; Wu et al., 2019).
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The CD index, introduced by Funk and Owen-Smith (2017), offers a
structural analysis of the deep citation network, providing a systematic
framework for assessing the disruptive potential of academic papers.
This metric quantifies the extent to which a paper aligns with estab-
lished knowledge while also evaluating its capacity to induce paradigm
shifts, thereby offering a novel approach to assessing scholarly innova-
tion. Funk and Owen-Smith (2017) argue that the CD index captures
four key dimensions: (i) the degree to which future inventions build
upon prior technologies, (ii) variations in how inventions modify the
utilization of their predecessors over time, (iii) the range from large-
scale transformations to incremental shifts in technological consolida-
tion and destabilization, and (iv) the distinction between consolidating
and destabilizing technologies that may produce similar levels of
impact.

The CD index has been extensively validated and applied across
diverse domains, demonstrating its flexibility and robustness to varia-
tions in citation practices. Wu et al. (2019) find that Nobel Prize-
winning papers have an average CD index of approximately 0.1,
ranking in the top 2 % of Web of Science papers. The CD index has been
used to identify disruptive innovations in fields such as colorectal sur-
gery, plastic and craniofacial surgery, radiology, pediatric medicine, and
cancer research, often aligning with practitioner judgments of clinical
significance (Becerra et al., 2025; Grunvald et al., 2021; Horen et al.,
2021). It has also been applied to track disruption in case law (Lee et al.,
2024), Al development (Jurowetzki et al., 2025), materials science, and
art history (Shinichi and Matsui, 2024), reflecting its adaptability to
disciplinary norms and temporal changes in citation behavior. These
studies incorporate robustness checks, normalization strategies, and
alternative specifications to address variations in citation practices
across fields and over time (Lin et al., 2023; Park et al., 2023; Wu et al.,
2019; Yang and Deng, 2024; Yang et al., 2025b).

Despite its strengths, the CD index has notable limitations. It assumes
that a patent's knowledge foundation is fully captured by its cited ref-
erences, yet foundational knowledge may be unacknowledged or inac-
curately cited in practice. Additionally, citation behaviors vary across
technological fields (Nielsen and Andersen, 2021), complicating the
index's interpretation. Validity concerns, such as those raised by Born-
mann et al. (2020), question the CD index's ability to identify expert-
selected breakthroughs. Furthermore, measurement and truncation
bias concerns, as highlighted by Macher et al. (2024), suggest that the
index may be skewed by incomplete or time-limited citation data. To
address these issues, researchers have proposed alternative disruption
measures (Deng et al., 2025; Leydesdorff and Bornmann, 2021; Wang
et al., 2023; Yang et al., 2023a; Yang et al., 2024a), though these also
depend on citation data. Complementing citation-based measures like
the CD index with non-citation-based approaches, such as the text-based
KI index, can provide a more comprehensive understanding of techno-
logical innovation.

2.4. Patent data description

This study utilizes full-text and citation data provided by the United
States Patent and Trademark Office (USPTO) and Patents View, a patent
data-sharing initiative supported by the Office of the Chief Economist at
the USPTO. The USPTO patent dataset comprises 7,566,869 patents and
117,308,691 citations between 1976 and 2022, representing the curated
digital patent application data. Notably, each patent is associated with
two key dates: the filing (or publication) date and the issue date. For the
purposes of this study, text-based and citation-based innovation mea-
sures are calculated based on the filing date. The Inventor Protection Act
of 1999 mandates that U.S. patent applications be published 18 months
after the initial filing.

The USPTO categorizes patents into several types, including ‘utility,’
‘reissue,” ‘design,” “TVPP,’” ‘plant,” ‘statutory invention registration,” and
‘defensive publication.” Consistent with prior research (Park et al., 2023;
Wu et al., 2019), this analysis focuses exclusively on utility patents due
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to their higher novelty and more stringent issuance and publication
standards. I do not differentiate between citations added by inventors
and those added by patent examiners (Higham et al., 2021), although
this will be a very promising direction for further analysis.

Text-based and citation-based innovation measures are calculated
using a five-year window (Macher et al., 2024; Park et al., 2023),
covering 6,384,413 patents filed between 1980 and 2017. However, the
calculation of the CD index results in a reduced sample size, retaining
only 3,036,683 patents. This reduction occurs because the CD index
requires each patent to have at least one backward citation and one
forward citation.

Consistent with existing research (Lin et al., 2023; Park et al., 2023;
Wu et al., 2019) and given the observational nature of this study, no
statistical methods were applied to predetermine the sample size. The
regression dataset is structured as a panel by filing year, CPC section,
and inventor, meaning patents appear multiple times if classified under
multiple sections or if multiple inventors are listed. As a result, the
regression panel dataset contains 25,037,733 observations.

3. Methods
3.1. Text-based innovation (the KI index)

The text-based innovation measure draws on the breakthrough
measure proposed by Kelly et al. (2021). Specifically, they utilize large-
scale full-text patent data from the USPTO dataset to construct pairwise
textual similarity or distance between patents. These similarities are
computed using a retrospective, or point-in-time, version of the TF-IDF
(Term Frequency-Inverse Document Frequency) method.

As illustrated in Fig. 1, to calculate text-level disruption measures,
Kelly et al. (2021) apply natural language processing (NLP) techniques
to preprocess the textual data of patents. Using the Python NLTK
package, they parse the abstract, claims, and description sections of each
patent into individual terms. In this process, stop words and non-words
that provide little semantic value are removed, and all capital letters are

Dictionary
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Removing stop-words
& infrequent words
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t = min(t;, t;)

AII patents priorto t  All patents posterior to t

t—1(B) t+1 t + 7(F)
Y e Textual similarity;;
F
= KIF®O = i

t—1t

T(B),7(F)
KI;

>

Research Policy 54 (2025) 105295

converted to lowercase. To enhance the signal-to-noise ratio in the
textual analysis, the dictionary is further reduced by excluding terms
that occur either extremely frequently or extremely infrequently; spe-
cifically, terms that appear in fewer than 20 documents are excluded.
This process results in a dictionary of 1,685,416 terms. Using this
comprehensive dictionary, a document-term matrix (DTM) is then
constructed, denoted as C, where each matrix element cg, represents the
count of term w in patent d.

A point-in-time version of TF-IDF is then employed to calculate the
textual similarity or distance between each pair of patents. The back-
ward inverse document frequency of term w for filing year t, denoted as
BIDF,,, is defined as the logarithmic frequency of documents containing
term w in patents filed prior to year t:

N(patents)”'mrw t >

documents)?™™ " 41

BIDF,,, = log( N

For a patent pair (ij), the point-in-time version of TF-IDF for each
term w in patents i and j is constructed as follows:

{ TFBIDFy, = TFy,BIDF | _ min(t, )

TFBIDF,,, = TF;,BIDF,,’

These values are arranged in a W-dimensional vector TFBIDF;,, where
W represents the size of the union of terms for the pair (ij). Each TFBIDF
vector is then normalized to have unit length, ie., V; =
TFBIDF;,./||TFBIDF;,.||. The textual similarity between the two
normalized vectors is then computed as:

Textual similarityij = ViVt

The underlying logic of the text-level innovation measure is that
breakthrough patents are expected to exhibit significant textual distance
from existing patents filed prior to the focal patent's filing year t,
reflecting novelty and divergence from established technologies. Be-
sides, breakthrough patents should also have relatively low distance
from future patents filed after year t, as breakthrough innovations are
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Quantifying text-based innovation index (the KI index) in technological patents.
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likely to shift paradigms and lead to new technological developments,
thusly future technologies should be similar to the focal breakthrough.

It is important to note that a patent with a high backward distance
signifies strong ex-ante novelty, though its impact on future innovations
may not yet be visible. On the other hand, a patent exhibiting a low
forward distance may reflect its central role in redefining the trajectory
of future technological developments. Alternatively, it could signal its
alignment with a larger shift in technology initiated by a predecessor. To
measure innovation, both the backward distance (positively associated
with innovation) and forward distance (negatively associated with
innovation) are integrated.

The Kelly's Knowledge Innovation (KI) Index is thus defined as:

>~ Textual similarity;
jEF;m

—
>~ Textual similarity;

)
jes;

KIl=In

where the numerator sums the textual similarities between the focal
patent and all future patents within the time window [t — 7(.%) ,t — 1],
while the denominator sums the textual similarities with all prior pat-
ents in [t + 1,t + 7(F)]. The ratio captures the balance between novelty
and influence, providing a measure of innovation. To address potential
bias due to fluctuations in annual patent filings, a robustness check is
conducted by calculating the average textual similarity instead of the
sum (detailed in the Supplementary Materials).

The primary measure, the KI5 index (referred to as KI5 hereafter for
brevity), is based on five-year backward (7(#) = 5) and forward
(z(F) = 5) windows. Extending the method to longer time windows (e.
g., 10 years) is not recommended, as the sparsity of relevant patents over
extended periods may reduce the informativeness of textual similarity
calculations, limiting meaningful insights.

3.2. Citation-based disruption (the CD index)

The citation-based disruption measure is relatively straightforward
in its calculation, as it relies on human-curated citations linking patents,
thereby eliminating the need to compute global pairwise information.
Instead, the focus is on the local citation network of the focal patent-
—specifically, its references and citations, as well as the pairwise cita-
tions among them. To quantify technological disruption, I employ the
widely-used CD index, a metric introduced by Funk and Owen-Smith
(2017). This index, grounded in the structural characteristics of the
local citation network, provides a systematic approach for assessing the
disruptive potential of technological patents. By evaluating a patent's
relationship to established knowledge and its capacity to initiate

References Citations
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paradigm shifts, the CD index offers a valuable perspective for
measuring innovation.

The underlying intuition is that a disruptive patent is less likely to
have its predecessors cited by subsequent work that cites the focal pat-
ent; in other words, the foundational ideas of its predecessors become
less relevant for future researchers. Conversely, a consolidating patent is
more likely to have its predecessors cited by subsequent work, indicating
that the knowledge on which the patent is built remains crucial for
future research.

As illustrated in Fig. 2, the CD index is defined as:

1 & =2fTbT +fF .
cp, = 1 3 “HBER iy
L=y Wi

[ Yificites FP
fi= { 0 otherwise ’ nd
bt — 1 if i cites any FP's predecessors
i 0 otherwise ’

Here, 7 denotes the forward citation window, and n* represents the
sum of patents that cite: (1) only the focal patent (type f), (2) both the
focal patent and parts of its predecessors (type b), or (3) only parts of its
predecessors within 7 years of the focal patent's publication. w} indexes a
matrix of weights assigned to patents. A forward citation increases the
consolidating (or disruptive) nature of the focal patent if the citing
patent does (or does not) cite the predecessor patents that were also
referenced by the focal patent. The CD index ranges from —1 (consoli-
dating) to +1 (disruptive). A lower CD index suggests that a patent
closely aligns with established knowledge, while a higher CD index
signals a greater potential for the patent to disrupt existing technological
paradigms. Although the CD index assumes that the cited references of a
focal patent constitute its knowledge base—and can be influenced by the
number of references—it remains widely adopted due to its relative
simplicity in citation-based analyses.

Following Park et al. (2023), the forward citation window 7 is set to
five years, that is the CDs index (referred to as CDs hereafter for brevity).
I calculate the CD index for patents that have at least one backward
citation (i.e., a reference) and at least one forward citation, as the
absence of either prevents the computation of a valid CD index. Leibel
and Bornmann (2024) suggested using a higher threshold to obtain more
meaningful results; therefore, in the Supplementary Materials, I also
calculate the CD index for patents with at least five backward citations
and five forward citations.

In addition to the CD index, Funk and Owen-Smith (2017) intro-
duced the mCD index, which is the product of the CD index and forward

n
a . A;b CDT = lrz _Zﬂrf/i"—ﬁlr
e 0 ' 33 =1 '
[} FP @ f cites only the focal patent (FP).
S b cites both the focal patent (FP) and
A at least one of its predecessors.
t t+T
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- 107!
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Q.
e
o
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-0.5 0.0 0.5
CDs

Fig. 2. Quantifying citation-based disruption index (the CD index) in technological patents.
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citations. Although the mCD index is less commonly used, I analyze its
patterns in Appendix C. The findings indicate that the mCD index might
occupy a conceptual space that bridges the KI and CD indices. It shares
the KI index's sensitivity to economic fluctuations, while also retaining
the CD index's non-linear relationship with citation impact.

3.3. Related measures

To examine the implications of text-based and citation-based tech-
nological innovation metrics, I construct a set of related measures. In-
vention, as a fundamentally social activity (Jones et al., 2008; Wuchty
et al., 2007), is influenced by the structure of the team that produces
new technology, which may in turn affect the technology's significance.
Building on existing research (Lin et al., 2023; Wu et al., 2019), I mea-
sure both the size of the inventor team and the collaboration distance for
each patent. Team size is defined as the number of inventors associated
with a given patent. In addition, following the methodology outlined by
Lin et al. (2023), I calculate the collaboration distance among team
members. The Patents View database provides name-disambiguated
inventors and their respective geographical locations, including lati-
tude and longitude coordinates associated with their reported addresses.
Collaboration distance is thus measured as the average or median
geographical distance between team members' locations.

To assess the technological impact of patents, I use the number of
forward citations as a primary indicator. It is important to note, how-
ever, that while the CD index is a citation-based metric, it captures the
proportion of disruptive citations rather than their absolute count. As a
result, the CD index may not exhibit a positive correlation with the total
number of forward citations. I utilize five-year and ten-year windows to
quantify forward citations (Cits and Cit;o). In addition, I calculate for-
ward citations for each patent through the year 2022 to assess their long-
term technological impact. To mitigate potential biases arising from
variations in citation patterns across different years and technology
sections, I construct an additional measure: the identification of “hits” or
“home runs” (Mukherjee et al., 2017; Yang et al., 2024b). These are
patents that rank in the top 10 % of citations (as of 2022) within their
filing year and Cooperative Patent Classification (CPC) section. This
approach allows for a more standardized assessment of patent impact,
accounting for temporal and sectoral differences in citation behavior.

To assess the consistency of text-based and citation-based innovation
metrics, I employ several commonly used originality measures (Foster
et al., 2015; Leahey et al., 2023; Strumsky and Lobo, 2015; Wang et al.,
2017) based on the CPC group, which is a fine-grained subclassification
under the CPC system. Initially, I determine the first occurrence of each
CPC group and CPC group pair (two-tuple). Subsequently, I calculate the
average age of the CPC group. A patent that introduces a new CPC group
or a novel combination of groups is considered more original compared
to those that rely on established classifications. Conversely, if all CPC
groups or combinations within a patent have been previously used (or
old in terms of age), the patent may represent a refinement of existing
technologies (Strumsky and Lobo, 2015). Additionally, I compute the
Herfindahl-Hirschman Index (HHI) for the three-digit CPC subclass of
each patent. A higher HHI suggests that the patent draws from a nar-
rower knowledge base, while a lower HHI indicates a broader scope of
knowledge.

To explain the distinctions between text-based and citation-based
innovation metrics, I calculate reference age and reference popularity.
Reference age is defined as the average time gap between the filing years
of the patents cited (backward citations) and the focal patent. Reference
popularity measures the average number of five-year forward citations
received by the referenced patents.

3.4. Fixed effect regressions

I construct a regression dataset that includes more observations than
unique patents. This dataset is structured as a panel by filing year and
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CPC section, with patents appearing multiple times if classified under
multiple sections. It also incorporates inventor-level information using
disambiguated author data from Patents View, duplicating patents when
multiple inventors are listed. This structure allows for the inclusion of
filing year, CPC section, and inventor fixed effects. By merging these
dimensions, the dataset accounts for variations in patent quality across
years and sections while mitigating potential selection biases—such as
the Matthew effect, where highly innovative inventors are more likely to
produce high-impact patents.

Given that both the KI index and CD index display non-standard
distributions, as illustrated in Fig. 1 and Fig. 2, I follow Wu et al.
(2019) to convert these indices into percentile data for analysis. When
multiple patents share the same index value—a more common scenario
with the CD index than the KI index—I assign them the median
percentile value.

To examine the relationship between an innovation index (IND) and
a patent's future technological impact or economic value, I employ or-
dinary least squares (OLS) regression models, formulated as:

In(Forward citation; + 1) = a + f, (IND;) + Y.(+ S;)( +Aq) + €,

where i represents the article, Y; denotes year fixed effects, S; captures
section fixed effects, A, captures author fixed effects, ¢; denotes the error
term and a denotes the constant term. This approach rigorously assesses
the relationship between innovation measures and patent impact.

To analyze the relationship between team size or collaboration dis-
tance and the innovation indices, I use OLS regression models, specified
as:

IND; = a+ f,(Team size;) + Y:(+S;)(+ Aq) + €.

Additionally, to explore the mechanisms driving the different pat-
terns in the KI and CD indices, I incorporate interactions between
reference age and reference popularity as follows:

IND; =a + p, (Team size;) + f,(Ref age;) + f5(Team size; x Ref age;)
+Ye(+S:)(+Ad) +ei.

4. Results
4.1. Consistency and effectiveness

The distributions of KI5 and CDs are highly similar, both centered
around 0, as shown in Fig. 1 and Fig. 2. KI5 has an average value of 0.16
with a standard deviation of 0.28 (see Appendix A, Table A1 for the full
descriptive statistics of all measures in the sample). A KI5 value >0 in-
dicates that a patent shares greater textual similarity with its de-
scendants than with its antecedents, suggesting a higher degree of
innovation. CD5 ranges from —1 to 1, with an average value of 0.17 and
a standard deviation of 0.21. A CDs value above 0 suggests that a patent
has a higher tendency to disrupt rather than consolidate existing
knowledge. Although the Pearson correlation between KIs and CDs at
the patent level is low (0.01; see Appendix A, Fig. Al for the full Pearson
correlation matrix), patents with high CDs values often exhibit high KI5
values, while those with low CDs values tend to have low Kls values
(Fig. 3d). Moreover, at the year-section aggregated level, the average Kls
and CDs are strongly positively correlated (Fig. 3e).

To assess whether KI5 and CDs are effective in identifying techno-
logical breakthroughs, I present results based on a set of expert-selected
technological milestones (Kelly et al., 2021), detailed in Appendix D,
Table D1. The findings indicate that both the text-based and citation-
based innovation indices successfully capture these breakthroughs.
Specifically, all corresponding Kls values are above 0, and the majority
of CDs values also exceed 0. Furthermore, the distributions of KI5 and
CDs for breakthrough patents are significantly higher than those for
other patents (Fig. 3a-b). To provide a clearer comparison, Fig. 3c re-
ports the average percentile ranks of KIs and CDs within these
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percentiles of KI5 and CDs for all patents and expert-selected technological milestones, with standard deviations shown as error bars. (d) Binned line plot (bin width
= 0.1) depicting the patent-level relationship between KI5 and CDs, indicating a positive association between high CDs and high KIs. (e) Aggregated relationship
between KI5 and CDs at the section-year level, where each point represents the average Kls and CDs for a specific section-year, with colors denoting different CPC
sections. (f) Comparison of average Kls and CDs across patents that introduce a new CPC group, a new CPC group pair, and all other patents, demonstrating that
patents incorporating novel classification groups exhibit significantly higher KIs and CDs scores. (g) Relationship between CPC group age and KIs/CDs, showing that
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referred to the web version of this article.)

breakthroughs. Breakthrough patents have an average KI5 percentile of
92.8 + 18.9 (std) and a CDs percentile of 60.4 + 26.7 (std). These results
indicate that both indices effectively identify technological break-
throughs. At least in this context, KI5 appears to be a more reliable in-
dicator of breakthroughs than CDs.

Using CPC group-based ex-ante originality measures, I find that more
original patents tend to have higher KI5 and CDs scores. Specifically,
patents that introduce a new (first) CPC group exhibit Kls scores
approximately 0.1 points higher and CDs scores about 0.07 points higher
than other patents (Fig. 3f). Additionally, as the average CPC group age
increases—indicating an aging technological domain—both KI5 and CDs5
decline significantly (Fig. 3g).

Furthermore, Kls and CDs are strongly correlated with the
Herfindahl-Hirschman Index (HHI) of the three-digit CPC subclass for
each patent (Fig. 3h). A higher HHI suggests that a patent is based on a
more specialized knowledge base, whereas a lower HHI indicates
broader knowledge integration. This relationship suggests that both Kls
and CDs are closely linked to patents that draw from specialized rather
than interdisciplinary knowledge.

Overall, KI5 and CDs exhibit strong consistency across these features,
indicating that they capture similar aspects of patent eval-
uation—specifically, technological breakthroughs that emerge from
original and narrowly focused knowledge.

4.2. Temporal trends

Fig. 4 presents the temporal evolution of KI5 and CDs, revealing
distinct trends over time. Contrary to expectations, these two metrics do
not follow similar patterns. The average CDs has shown a clear decline
since 1980, a finding consistent with Park et al. (2023).! Interestingly,

! In Appendix C and Supplementary Materials, I analyze the temporal trend
of the mCD index (Funk and Owen-Smith, 2017) and examine the CD index
with a higher threshold (requiring at least five backward and forward citations)
(Leibel & Bornmann, 2024). These alternative measures do not exhibit a
declining trend. Instead, they follow a pattern similar to that of KlIs, decreasing
during economic expansions and increasing during recessions.
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CDs exhibits an upward trend in the 2000s, potentially linked to changes
in U.S. patent law—specifically, the Inventor Protection Act of 1999,
which required patent applications to be published 18 months after
filing.

In contrast, the average Kls does not display a downward trend.
Instead, it appears to fluctuate with the global economic cycle.” Periods
of economic expansion are associated with a lower proportion of
breakthrough technologies, while recessions see an increase in such
innovations. One possible explanation aligns with Manso et al. (2023),
who suggest that firms shift toward exploration during economic
downturns and toward exploitation during periods of growth. As a
result, during economic expansions, firms focus more on refining known
technologies, leading to a decline in the average KIs. Conversely, during
recessions, firms pursue more explorative innovations, driving an in-
crease in KI5 (Manso et al., 2023). It is important to note that these
trends reflect average values rather than a universal pattern, as Park
et al. (2023) also find that the number of highly disruptive inventions
has not declined over time.

Notably, the temporal trends of KI5 and CDs remain consistent across
different technological sections, as shown in Fig. 4b and e. In a recent
study, Chu and Evans (2021) observed that in scientific fields, as the
annual volume of publications increases, citations tend to concentrate
disproportionately on already well-cited papers, reducing the likelihood
that newly published works will disrupt existing research. This raises the
question of whether larger section-years, as measured by the number of
patents, tend to generate fewer disruptive innovations. To explore this, I
analyze the relationship between section-year size and the average Kls
and CDs. The results, presented in Fig. 4c and f, reveal a clear diver-
gence: KIs shows no significant correlation with section-year size,
whereas CDs exhibits a negative correlation. This discrepancy may be
due to the fundamental differences in how these indices are constructed.

2 See https://www.nber.org/research/business-cycle-dating for the details of
Business Cycle Dating.

The text-based KI index does not rely on citation data, whereas the
citation-based CD index is influenced by variations in citation practices
across different technological fields.

4.3. Correlation with technological impact

I further examine the relationship between text-based and citation-
based innovation measures and a patent's technological impact, as
measured by the number of forward citations—a widely recognized in-
dicator of patent significance. Fig. 5a—c reveals a strong, nearly linear
positive relationship between KI5 and forward citations. This suggests
that patents with higher Kls—indicating greater textual similarity to
future patents than to antecedents—are significantly more likely to be
highly cited and become “hits.” Patents with extremely high KI5 values
(KI5 > 1) receive over five times as many citations within five years and
more than ten times as many citations within ten years compared to
patents with KIs < 0. The fixed effects regression analysis (Table 1,
Models 1 and 3) further supports these findings. After controlling for
field, year, section, and author fixed effects, a one-unit increase in KI5 is
associated with a 17.5 % increase in five-year forward citations and a
52.6 % increase in ten-year citations.

In contrast, the relationship between the citation-based disruption
measure and forward citations, as shown in Fig. 5d-f, follows a non-
linear pattern®. Patents with either extremely low or extremely high
CDs values are the most likely to receive high citation counts and
become hits. Specifically, patents with extreme CDs values (close to —1
or 1) have a >50 % chance of becoming hits, whereas those with
moderate CDs values (around 0) receive the fewest citations. The fixed
effects regression analysis (Table 1, Models 2 and 4) confirms this U-
shaped relationship, as evidenced by the significantly positive

3 When selecting patents for the CD index analysis (which requires at least
one backward and one forward citation), the patents in this subset generally
have higher citation counts and hit rates compared to the full sample.
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Table 1
Relationship between KIs, CDs and forward citations of patents.
Models (€))] (@3] 3) 4
In(Cits + 1) In(Gityo + 1)
Kls 0.1754%*** 0.5261***
(0.0286) (0.0600)
CDs 0.0612 0.4305%**
(0.0699) (0.0949)
CDs 0.7385%** 0.7112%**
square (0.1167) (0.1461)
Year FE Yes Yes Yes Yes
Section Yes Yes Yes Yes
FE
Author Yes Yes Yes Yes
FE
Obs. 25,036,484 11,461,290 25,036,484 11,461,290
R? 0.3491 0.3994 0.4699 0.5360

Note: All models are estimated using OLS regression. Standard errors, clustered
at the filed year level, are reported in parentheses. Statistical significance is
indicated as follows: *p < 0.05, **p < 0.01, ***p < 0.001. The sample size ex-
ceeds the number of patents, as patents are duplicated when associated with

multiple sections or authors.

coefficient for the squared CDs term.

4.4. Correlation with team features

Wu et al. (2019) demonstrated that smaller teams tend to drive
disruption in science and technology by generating novel ideas and
identifying new opportunities, whereas larger teams are more likely to
develop existing knowledge. In a recent study, Lin et al. (2023) found

that researchers in remote teams are less likely to make breakthrough
discoveries compared to their on-site counterparts, as indicated by a
lower probability of producing disruptive papers or patents (CD index
>0).

Building on these findings, I investigate the relationship between
team size, collaboration distance, and both text-based and citation-
based innovation metrics. Collaboration distance is measured as the
average or median geographical distance between team members, using
disambiguated data from Patents View and focusing exclusively on
patents produced by teams with more than one member. I employ fixed
effects regression models, using single-member teams (team size = 0) or
fully on-site teams (distance = 0) as baselines, to examine the effects of
team size and collaboration distance on KI5 and CDs while controlling
for field, year, section, and author fixed effects. The results are presented
in Fig. 6a-c, with regression tables available in the Supplementary
Materials. To provide a clearer perspective on effect sizes, I also report
KI5 and CDs percentiles in Fig. 6d—f.

The findings on team size and CDs align with Wu et al. (2019),
showing that average CD5 decreases as team size increases. However, I
also find that KI5 increases with team size. The regression results indi-
cate that, compared to single-member teams, teams of two members
experience an 11.6 % increase in KIs but a 17.6 % decrease in CDs, while
teams of five members see a 44.7 % increase in KI5 but a 97.2 % decrease
in CDs. These effects remain consistently significant regardless of how
large or small teams are defined, and the effect sizes are substantial.

Similarly, the relationship between collaboration distance and CDsg
corroborates Lin et al. (2023). CDs declines as collaboration distance
increases, with the sharpest drop occurring between on-site and remote
teams. In contrast, my analysis reveals that KI5 increases with greater
collaboration distance. The regression results suggest that compared to
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Fig. 6. Team Size, Collaboration Distance, and Technological Innovation. (a) Estimated coefficients of KI5 and CDs with team size using OLS fixed-effects regressions,
with single-member teams (team size = 0) as the baseline (grey horizontal line). 95 % confidence intervals are based on standard errors clustered at the filing year

level. Statistical significance is indicated as follows: *p < 0.05, **p < 0.01,

*p < 0.001. (b) Estimated coefficients of KI5 and CDs with average collaboration

distance, using fully on-site teams (distance = 0) as the benchmark. Distance categories include 0-20 km, 20-50 km, 50-100 km, 100-500 km, and >500 km. (c)
Estimated coefficients of KIs and CDs with median collaboration distance. (d-f) Same as (a-c), but reporting KIs and CDs percentile values instead of raw scores.
These results indicate that high KI5 is associated with larger and more geographically dispersed teams, whereas high CDs is linked to smaller, on-site teams. (g-h) The
relative ratio of each team structure in producing potential breakthroughs ranked in the top 10 % of KI5 and CDs.

on-site teams, teams with an average distance of 0-20 km experience a
28.1 % increase in KI5 but a 47.5 % decrease in CDs, while teams with an
average distance >500 km see a 29.7 % increase in KI5 but a 66.1 %
decrease in CDs.

These findings suggest that small and remote teams tend to produce
patents with lower CDs values but higher Kls values. This indicates that
while they are less likely to generate disruptive innovations within
citation networks, they may still contribute significantly to technolog-
ical advancement through influential innovations. Despite their distinct
relationships with team characteristics, KI5 and CDs exhibit similar
patterns in identifying which teams are most likely to produce break-
through patents. Here, I define potentially breakthrough patents as those
in the top 10 % of KI5 and CDs and analyze their relative ratio across
different team structures. The results, presented in Fig. 6g—i, show that
small teams are significantly more likely to generate patents with Kls

10

and CDs above the 90th percentile compared to large teams. Similarly,
remote teams have a much higher likelihood of producing top-tier KIs or
CDs patents than on-site teams.

4.5. Alternative explanations

To further explore why large teams tend to produce patents with
lower CDs but higher KIs, I examine the role of references (i.e., back-
ward citations). Leibel and Bornmann (2024) suggest that the CD index
may be influenced by the citations received by a focal patent's refer-
ences. Building on this idea, I consider reference age and reference
popularity as potential explanatory factors. My analysis reveals that KI5
is positively associated with reference age and negatively associated
with reference popularity, whereas CDs exhibits the opposite pat-
tern—negatively correlated with reference age and positively correlated
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with reference popularity. This suggests that patents citing older or less
popular references tend to have higher KI5 but lower CDs. This rela-
tionship is intuitive: Klg captures originality and frontier knowledge,
making it more strongly linked to new and highly cited references.
Conversely, CDs is affected by the citation patterns of these references
(Leibel and Bornmann, 2024), influencing its denominator and driving
its relationship with reference characteristics in the opposite direction.
To test this mechanism, I incorporate reference age and reference
popularity as mediating variables. The results, presented in Table 2 and
Fig. 7, confirm this mediation effect. Larger teams tend to cite newer and
more widely cited references (lower reference age, higher reference
popularity), which leads to an increase in KIs and a decrease in CDs.
Interaction effects between team size and reference character-
istics—such as reference age, popularity, and count—further support
this mediation pathway. However, this is just one possible explanation.
These findings suggest that the differing trends in KI5 and CDs may be
partially driven by their distinct relationships with backward citations.
Future research should further investigate these dynamics to determine
which team structures are most conducive to fostering innovation.

5. Discussion
5.1. Comparing the KI and CD indices

This paper advances the study of innovation metrics by comparing
two distinct measures of patent innovation dynamics: the text-based KI
index, which measures breakthrough innovation, and the citation-based
CD index, which measures technological disruption. Table 3 summarizes
the strengths, weaknesses, similarities, and differences between these
indices. Both aim to identify transformative patents but employ different
methodologies—the KI index analyzes the full text of patents to assess
breakthrough potential, while the CD index examines citation structures
to evaluate disruption.

The KI index captures global breakthrough innovation by evaluating
a patent's textual novelty (low similarity to prior patents) and impact
(high similarity to future patents) within a specified time window. This
approach tracks broader technological evolution independently of
citation behaviors, making it robust to biases in citation practices (Yang,
2025; Yang et al., 2023b; Yang et al., 2025a). In contrast, the CD index is
computationally simpler, relying on citation data to assess how a patent
disrupts its knowledge domain by altering citation patterns between its
antecedents and descendants. The CD index remains effective over long-
time windows, providing reliable insights into sustained disruptive
effects.

Each metric has limitations. The KI index is computationally inten-
sive, requiring advanced natural language processing (NLP) techniques
to extract meaningful patterns from patent text. It is also less effective
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over long-time windows due to the sparsity of relevant patents, which
reduces the informativeness of textual similarity calculations. Further-
more, the KI index does not explicitly capture relationships between a
patent's predecessors and successors. Conversely, the CD index is limited
by its localzed scope, reflecting only first-order citation networks and
missing broader knowledge flows. It is highly sensitive to the number
and citation impact of a patent's references and requires longer obser-
vation periods for reliable results. Despite these differences, both indices
exhibit strong correlations at an aggregated level and align with ex-ante
originality measures based on CPC codes. Notably, the KI index excels at
identifying expert-selected technological milestones, while both indices
effectively highlight patents within narrow knowledge domains, indi-
cating that breakthrough innovations often arise in specialized techno-
logical areas.

A key distinction between these indices lies in their temporal trends.
The KI index fluctuates with economic cycles, reflecting broader shifts in
innovation activity, while the CD index has shown a long-term decline,
likely due to changes in patenting and citation behaviors. Their re-
lationships with patent impact also differ—the KI index has a nearly
linear positive relationship with future citations, whereas the CD index
follows a U-shaped pattern, indicating that both highly disruptive and
highly consolidating patents tend to receive more citations. The indices
also diverge in their association with team structures. Larger teams tend
to produce patents with higher KI indices but lower CD indices, whereas
smaller teams are more likely to generate disruptive patents. Similarly,
collaboration distance plays a role—patents from remote teams are
associated with higher KI indices but lower CD indices, whereas patents
from on-site teams are more likely to be disruptive.

Overall, the KI and CD indices provide complementary insights into
technological breakthroughs. The KI index offers a broad, text-based
measure of innovation, while the CD index identifies localized disrup-
tions in citation networks. The KI index serves as a stable global indi-
cator of novelty, whereas the CD index remains valuable for detecting
shifts within specific knowledge domains. Given their distinct strengths
and limitations, future research could integrate both metrics to develop
a more comprehensive approach to measuring technological disruption
and breakthrough innovation.

5.2. Rethinking innovation: breakthroughs, disruptions, and beyond

The comparative analysis of the KI and CD indices reveals both
synergies and divergences that may shed light on the multifaceted
concepts of “breakthrough,” “disruption,” and related terms like “nov-
elty” and “impact” in the innovation literature (Hall and Jaffe, 2018;
Higham et al., 2021). While my empirical findings highlight the indices'
similarities (e.g., identifying patents from original, narrowly focused
knowledge bases) and differences (e.g., the KI index's sensitivity to

Table 2
Alternative explanations.
Models (€] ) 3) [©)] (5) (6)
KI5 percentile CDs percentile
In(Team size) **(0.0894) 0.9812** (0.2831) 1.441*** (0.1415) —0.0081 (0.1422) 2.985*** (0.2801) —1.911*** (0.2183)

In(#Ref) **(0.0574) —10.02*** (0.1871)

In(Team size) x In(#Ref) 0.0789*** (0.0209) 0.1599%** (0.0357)

In(Ref age) —1.231*** (0.2156) 6.363*** (0.4978)

In(Team size) x In(Ref age) —0.2089 (0.1192) —1.923*** (0.1243)

In(Ref pop) 3.427*** (0.3620) —19.21*** (0.4326)
In(Team size) x In(Ref pop) —0.5455*** (0.0654) 0.8766*** (0.1105)
Year FE Yes Yes Yes Yes Yes Yes

Section FE Yes Yes Yes Yes Yes Yes

Author FE Yes Yes Yes Yes Yes Yes

Obs. 23,144,064 22,594,285 22,814,933 11,461,192 11,394,577 11,460,754

R? 0.8139 0.8140 0.8169 0.4735 0.4176 0.4829

Note: All models are estimated using OLS regression. Standard errors, clustered at the filed year level, are reported in parentheses. Statistical significance is indicated as
follows: * p < 0.05, ** p < 0.01, *** p < 0.001. The sample size exceeds the number of patents, as patents are duplicated when associated with multiple sections or

authors.

11



A.J. Yang

aozs
0.20
0.15
< 0.10

0.05

Estimated Kis

0.00

5 10 15
Avg ref age

20

(1]

0.4

0.3

CDs

0.2

Estimated Kis

0.1

0 10
Ref popularity

20

Research Policy 54 (2025) 105295

(¢}

0.200
0.175
0.150
0.125
0.100

20

Estimated CDs

=h

Estimated CDs

6
n
“am Size ﬂ

Fig. 7. Alternative Explanations for the Effect of Team Size on KI5 and CDs. (a) Relationship between Kls, CDs, and the average reference age (the mean time gap
between the filing years of cited patents and the focal patent). KIs is negatively associated with reference age, whereas CDs shows a positive association. (b-c)
Marginal predictions of KIs and CDs under different combinations of team size and reference age, based on fixed-effects OLS regression models with interaction terms.
(d) Relationship between KIs, CDs, and reference popularity (the average five-year forward citations of a patent's references). Kls is positively associated with
reference popularity, whereas CDs is negatively associated. (e-f) Marginal predictions of KIs and CDs under different combinations of team size and reference
popularity, based on fixed-effects OLS regression models with interaction terms. These findings suggest that larger teams tend to cite newer and more popular

references, influencing the observed differences between Kls and CDs.

economic cycles versus the CD index's long-term decline, or their con-
trasting relationships with team size and citation impact), I offer the
following conjectures on how these patterns might relate to the varied
interpretations of innovation-related terms, without claiming definitive
resolutions.

First, the KI index's linear correlation with forward citations and its
fluctuation with economic cycles suggest it may align closely with a
concept of “breakthrough” that emphasizes sustained influence and
contextual adaptability. Breakthroughs, in this sense, could be in-
novations that not only introduce novel ideas but also resonate widely
with future technological trajectories, particularly during periods of
economic exploration (e.g., recessions). The KI index's reliance on global
textual similarity might capture this by reflecting a patent's ability to set
a new technological agenda (Cong et al., 2024; Kelly et al., 2021). I
speculate that the KI index's strength in identifying such innovations
could make it a valuable tool for studying breakthroughs as globally
influential, context-sensitive advancements, though its computational
intensity may limit its applicability to smaller-scale studies.

In contrast, the CD index's U-shaped relationship with citations and
its focus on local citation networks suggest it may better reflect
“disruption” as a polarized phenomenon—encompassing both radical
displacements of prior technologies (high CD scores) and significant
consolidations of existing knowledge (low CD scores). This aligns with
the view of disruption as a shift in citation patterns (Funk and Owen-
Smith, 2017), where a patent either destabilizes or reinforces its
knowledge domain. The CD index's decline over time and sensitivity to
reference characteristics might indicate that disruption, as measured
within citation networks, is increasingly constrained by citation prac-
tices or patenting norms. I hypothesize that the CD index may be
particularly suited to studying disruptions within specific technological
niches, where citation networks are dense, but less effective for
capturing broader, textually driven shifts in innovation.

Finally, the interplay between novelty and impact, central to both
indices, raises questions about how these dimensions relate to “crea-
tivity,” “originality,” or “transformative innovation” in the literature
(Hall and Jaffe, 2018; Higham et al., 2021). The KI index's emphasis on

12

textual divergence from the past and convergence with the future might
align with creativity as a process of recombining distant ideas into
influential outcomes (Uzzi et al., 2013). The CD index, by contrast,
might capture transformative innovation as a structural shift in knowl-
edge flows, where the novelty lies in altering citation dependencies
(Funk and Owen-Smith, 2017). I speculate that integrating the KI index's
global textual perspective with the CD index's local citation focus could
help disentangle these concepts, potentially revealing whether creativity
precedes disruption or if transformative innovations require both nov-
elty and structural impact.

These conjectures are not definitive but offer a framework for future
research to explore how text-based and citation-based metrics can refine
our understanding of innovation. By acknowledging the complementary
strengths of the KI and CD indices, I hope researchers might better
navigate the conceptual ambiguities surrounding “breakthrough” and
“disruption,” tailoring their choice of metrics to specific innovation
contexts or combining them for a more holistic view of technological
advancement.

5.3. Limitations

Despite the contributions of this study, several limitations must be
acknowledged. First, while this paper aims to provide a comprehensive
observational analysis, it does not seek to establish causal relationships.
As such, the observed trends in technological innovation indices and
their implications should be interpreted with caution. Both large and
small teams offer distinct advantages, and this study does not intend to
critique small and remote teams but rather to offer an alternative
perspective on their disruptive potential. Second, although the text-
based breakthrough measure attempts to capture global information
by incorporating all patent pairs, it is not without limitations. One key
challenge lies in distinguishing meaningful patterns from noise, partic-
ularly due to variations in language style and expression (Kelly et al.,
2021). Addressing these nuances remains a task for future research. Both
the text-based and citation-based disruption measures are dynamic, and
further studies could explore their evolving patterns over time, moving
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Table 3
Strengths, weaknesses, similarities and differences of the KI and CD Indices.
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Aspect Text-Based KI Index Citation-based CD index
Strengths 1. Captures global innovation by analyzing all patents before and after the 1. Measures disruption within local citation networks, reflecting how a focal patent alters
focal patent within a specific time window. relationships between its antecedents and descendants.
2. Independent of citation data, avoiding biases from citation practices. 2. Relatively straightforward to compute.
3. Effective with short observation windows. 3. Remains effective over long-time windows.
Weaknesses 1. Computationally intensive, requiring NLP techniques and complex 1. Only reflects local citation relationships within the first-order citation network,
processing. missing broader knowledge flows.
2. Requires methods to enhance the signal-to-noise ratio in text analysis. 2. Sensitive to the number and citation impact of a patent's references.
3. Does not explicitly capture relationships between a focal patent's 3. Requires a longer time window to yield reliable results.
antecedents and descendants. 4. Limited validity in identifying expert-selected breakthroughs.
4. Less effective over long-time windows due to sparsity of relevant 5. Susceptible to measurement and truncation biases from incomplete or time-limited
patents. citation data.
Similarities 1. Patents with high KI index scores often have high CD index scores, showing strong correlations at an aggregated level.
2. Both align with ex-ante originality measures based on CPC codes.
3. Both reflect patents associated with narrow knowledge domains.
Differences 1. Purpose: the KI index measures breakthrough innovation through textual novelty and impact, while the CD index measures disruption through shifts in citation

patterns.

2. Temporal Trends: the KI index fluctuates with economic cycles, while the CD index exhibits a long-term decline.

3. Forward Citations: the KI index has a nearly linear positive relationship with future citations, whereas the CD index follows a U-shaped pattern.
4. Team Size: Larger teams tend to produce patents with higher KI but lower CD scores.

5. Collaboration Distance: Remote teams tend to generate patents with higher KI but lower CD scores.

beyond binary perspectives on innovation. Lastly, this study focuses
exclusively on patent-based innovations, which may not fully capture
the disruptive potential of non-patentable innovations, particularly in
industries where open-source practices or informal knowledge exchange
are prevalent. Future research should investigate the applicability of
text-based breakthrough measures to a broader spectrum of innovation
outputs, including scientific publications, software development, and
data-driven industries.
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Table Al

Descriptive statistics.
Variables Obs. Mean STD Min 10 % 50 % 90 % Max
Kls 6,384,413 0.16 0.28 —2.62 —0.15 0.19 0.44 4.23
CDs 3,036,683 0.17 0.21 —0.99 0.00 0.11 0.50 1.00
Cits 6,384,427 0.79 3.30 0.00 0.00 0.00 2.00 560.00
Cityo 6,384,427 3.61 13.89 0.00 0.00 0.00 9.00 2942.00
Team size 6,383,667 2.54 1.83 1.00 1.00 2.00 5.00 133.00
Avg team distance 6,384,427 456.3 1619.6 0.0 0.0 0.0 803.3 19,733.3
Median team distance 6,384,427 498.8 1831.0 0.0 0.0 0.0 740.1 19,733.3
Nominal economic value 2,185,903 23.8 64.4 0.0 0.1 7.0 55.5 4588.5
Real economic value 2,185,903 11.5 31.4 0.0 0.1 3.6 26.5 2573.8
1st CPC group 6,384,245 0.02 0.13 0.00 0.00 0.00 0.00 1.00
1st CPC group pair 5,559,063 0.55 0.50 0.00 0.00 1.00 1.00 1.00
Avg CPC group age 5,559,063 11.41 7.91 0.00 1.80 10.33 22.27 46.00
HHI score 6,384,245 0.78 0.27 0.11 0.50 1.00 1.00 1.00
#Reference 6,384,305 15.5 62.3 0.0 1.0 6.0 27.0 5859.0
Avg reference age 5,811,469 9.95 5.80 0.00 3.67 8.83 17.92 46.00
Reference popularity 5,857,843 8.83 12.50 0.00 1.75 5.63 18.64 1432.00
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Fig. Al. Pearson correlation matrix of variables.

Appendix B. Correlation with economic values

I also assess the economic value of patents to evaluate their market or economic significance. The economic value of a patent can be quantified by
analyzing stock market reactions to patent grants, as proposed by Kogan et al. (2017). This approach estimates the monetary value of innovations by
observing fluctuations in a firm's stock price within a three-day window following the issuance of a patent. Both nominal and real values are
considered, with the real values adjusted to 1982 dollars using the Consumer Price Index. The methodology for calculating the economic value of
patents, as outlined by Kogan et al. (2017), emphasizes a firm's idiosyncratic return, R, which is defined as the firm's stock return minus the return on
the market portfolio. The idiosyncratic return, R, can be decomposed into two components: the value associated with the patent j () as:

M;
=01 —ﬁ)ﬁ;E[VﬂRjL

where N; is typically 1, but when multiple patents are granted to the same firm on the same day, N; represents the average fraction. M; denotes the
firm's market capitalization prior to the patent issuance, and 7 represents the market's ex ante probability of patent approval, which is assumed to be
2.27 (Kogan et al., 2017).

Assuming the distribution of the value V follows a normal distribution truncated at zero, the expected value of V; conditional on R;, E [VJ |RJ-] , can be

expressed as:
4) ( } (Sﬂ>

E[Vj|R;| = 8xR; + \/3p0 .

where ¢ and ® represent the probability density function (PDF) and cumulative distribution function (CDF) of the standard normal distribution,
respectively. § refers to the signal-to-noise ratio, which can be estimated by observing the increase in volatility of firm returns around patent
announcement days. o is estimated using the regression:

log(Ri)® = 1T+ Zu +Hg,

where Ry refers to the 3-day idiosyncratic return of firm f, starting on day d. This regression captures the relationship between the firm's return
volatility and patent announcement events. In the sample of this paper, § is estimated to be 0.0142. While our text-based and citation-based measures
are based on the filing date, the economic value of patents is more closely tied to the issue date. This measure estimates the monetary value of in-
novations based on changes in a firm's stock price within a three-day window following the patent's issuance. Both nominal and real values are
considered, with the real value adjusted to 1982 dollars using the Consumer Price Index.

The results show a positive relationship between the text-based breakthrough measure (KIs) and the economic value of patents when KI5 is >0.
However, patents with very low KI5 can also exhibit high economic value. Interestingly, CDs demonstrates a significantly negative relationship with
economic value, suggesting that patents contributing to technological consolidation tend to have higher economic value compared to disruptive
ones—except in cases of the most groundbreaking innovations.
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Fig. B1. Technological Innovation and the Economic Value of Patents. (a) For 2,185,903 patents filed between 1980 and 2017, the real economic value (adjusted to
1982 dollars using the Consumer Price Index) generally increases with KIs when KI5 is above 0. However, patents with low KIs also exhibit very high economic
values. The economic value is estimated based on the stock price change of the firm within a three-day window following the patent's issuance. The sample size is
smaller because this measure is only available for patents where the assignee can be matched with firm PERMNO codes (Unique identifiers assigned to companies in
the Center for Research in Security Prices (CRSP) database). (b) Similarly, the nominal economic value increases with KIs when KI5 is above 0, though patents with
low KI5 also show high economic values. (c-d) In contrast, both real and nominal economic values decrease as CDs percentiles increase. Dotted lines in all panels
represent 95 % bootstrapped confidence intervals.

Appendix C. Patterns of the mCD index

In addition to the CD index, Funk and Owen-Smith (2017) introduced the mCD index, which is calculated as the product of the CD index and
forward citations. While the CD index primarily measures local disruption within citation networks, the mCD index incorporates citation impact,
potentially offering a broader perspective on a patent's technological influence. Despite this advantage, the mCD index is less frequently used in the
literature compared to the CD index. I analyze the temporal and structural patterns of the mCD index using a 5-year window (mCDs) in Fig. C1.

The analysis reveals that mCDs exhibits temporal dynamics closely aligned with those of the KI index, displaying a clear responsiveness to global
economic cycles. Unlike the CD index, which generally shows a downward trend over time, mCDs fluctuates in tandem with economic expansions and
contractions. This suggests that mCDs may be more attuned to macroeconomic conditions shaping the innovation landscape, much like the KI index.
Furthermore, the temporal stability of mCDs across sections indicates that this metric is robust to differences in technological fields, offering a
consistent signal across the innovation ecosystem. Another distinguishing feature of mCDs is its apparent insensitivity to section-year size. Whereas
the CD index is negatively correlated with the volume of patenting activity within specific technological domains, mCDs remains largely uncorrelated
with such size effects. This insensitivity suggests that mCDs, akin to the KI index, is less biased by the structural composition of the patent landscape
and may better reflect the intrinsic properties of inventive activity.

Collaboration patterns also appear to shape mCDs values. Patents produced by larger teams and those involving remote or distributed collabo-
rations tend to have higher mCDs scores. This stands in contrast to the CD index, where smaller, more localized teams tend to generate more disruptive
patents. The alignment of mCDs with broader and more distributed team configurations further underscores its similarity to the KI index and suggests
that it may be more reflective of the collaborative processes underpinning contemporary innovation. Finally, while mCDs shares many structural and
temporal characteristics with the KI index, it diverges in its relationship with forward citations. The index follows a U-shaped curve with respect to
forward citations, indicating that patents with either very low or very high mCDs values tend to receive more citations. This non-monotonic rela-
tionship mirrors the pattern observed with the CD index and stands in contrast to the KI index, which exhibits a strong, nearly linear positive as-
sociation with citation counts. The U-shaped pattern implies that both highly disruptive and marginal patents—each at opposite ends of the mCDs
spectrum—can attract significant attention within the innovation system.

Overall, the mCD index occupies a conceptual space that bridges the KI and CD indices. It shares the KI index's sensitivity to economic fluctuations,
while also retaining the CD index's non-linear relationship with citation impact. These findings suggest that the mCD index captures a hybrid
dimension of innovation, reflecting both the structural disruption of new knowledge and the broader influence conveyed through forward citations.
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Fig. C1. Dynamic patterns of the mCD index. (a) The annual average mCDs from 1980 to 2017, showing trends that generally align with the expansions and
contractions of the global economic cycle, similar to KIs. Shaded blue regions indicate periods of economic recession as identified by NBER. (b) Temporal trends in
mCDs remain consistent across different CPC sections. (¢) mCDs does not show a significant correlation with section-year size. The plot displays the average mCDs
against the number of patents per section-year, with each scatter point representing a specific section-year and colors corresponding to different CPC sections. (d) The
relationship between team size and mCDs, indicating that larger teams tend to have higher mCDs than smaller teams. (e-f) The relationship between collaboration
distance and mCDs, showing that remote teams generally have higher mCDs than on-site teams. (g-h) Five-year and ten-year forward citations, as well as the
probability of a patent being classified as a “hit”, do not display a consistent linear relationship with mCDs. Instead, a U-shaped pattern emerges, suggesting that
patents with very low or very high mCDs tend to receive more citations. Shaded areas or dotted lines in all panels represent 95 % bootstrapped confidence intervals.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Appendix D. Expert-selected technological milestones

I present the results concerning the expert-selected technological milestones (Kelly et al., 2021), showing that both the text-based KI index and the
citation-based CD index effectively identify these breakthroughs. All KI values are above zero, and most CD values exceed zero, confirming their ability
to capture historical breakthroughs. However, these indices may differ in their assessment of standard or more recent technological patents. This
discrepancy likely stems from shifts in citation patterns, particularly in the use of backward citations.

Table D1

expert-selected technological milestones.
D Patent Filed year KI5 KI5 pct CDs CDs pet
4399216 Richard Axel Co-transformation 1980 0.7881 98.8 0.8750 99.7
4464652 Apple Lisa Mouse 1982 0.1928 51.4 0.2329 71.6
4590598 Gordon Gould Laser 1984 0.2082 54.8 0.1000 48.7
4634665 Richard Axel Co-transformation 1983 0.8470 99.1
4683195 Kary B. Mullis polymerase chain reaction 1986 0.6123 96.7 0.8293 99.3
4736866 Leder/Stewart transgenic (genetically modified) animals 1984 1.2071 99.8 0.2500 73.8
4744360 Patricia Bath Cataract Laserphaco Prob 1986 0.5427 94.9 0.1667 62.3
4799258 Donald Watts Davies Packet-switching technology 1985 0.5315 94.5 0.0896 45.7
4816397 Michael A. Boss recombinant antibodies 1984 0.8144 98.9 0.3333 81.6
4816567 Shmuel Cabilly immunoglobulins 1983 0.8299 99.0 0.0423 31.0
4838644 Ellen Ochoa Recognizing Method 1987 0.5300 94.4 0.3529 83.7

(continued on next page)
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Table D1 (continued)
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D Patent Filed year KI5 Kls pct CDs CDs pct
4889818 (several) polymerase chain reaction 1987 0.7960 98.8 0.1022 49.4
4965188 (several) polymerase chain reaction 1987 0.6907 97.9 0.0241 23.6
5061620 Ann Tsukamoto Method for isolating the human stem cell 1990 0.9320 99.3

5071161 Georey L Mahoon Airbag 1989 0.3847 85.2 0.2500 73.8
5108388 Stephen L. Troke Laser Surgery Method 1987 0.6324 97.1

5149636 Richard Axel Co-transformation 1988 0.9443 99.4 0.2500 73.8
5179017 Richard Axel Co-transformation 1991 1.2949 99.8

5184830 Saturo Okada, Shin Kojo Compact Hand-Held Video Game System 1992 0.6760 97.7 0.4138 87.1
5194299 Arthur Fry Post-It Note 1986 0.4035 86.9

5225539 Gregory P. Winter Chimeric, humanized antibodies 1991 1.2145 99.8

5272628 Michael Koss Core Excel Function 1990 0.7884 98.8 0.2188 69.9
5747282 Mark H. Skolnick BRCA1 gene 1995 1.0145 99.5

5770429 Nils Lonberg human antibodies from transgenic mice 1995 0.8224 98.9 0.0158 20.0
5837492 (several) BRCA2 gene 1996 0.5896 96.2

5939598 (several) Transgenic mice 1992 1.3558 99.9 0.0370 29.0
5960411 Hartman/Bezos/Kaphan/Spiegel 1-click buying 1997 1.6221 100.0 0.1851 65.2
6230409 Patricia Billings Geobond 1998 0.3925 85.9 0.3000 78.7
6285999 Larry Page Google PageRank 1998 0.7074 98.1 0.2907 78.1
6331415 Shmuel Cabilly Antibody molecules 1988 0.7682 98.6

6455275 Richard Axel Co-transformation 1995 0.7966 98.8 —0.0588 4.6
6574628 Robert Kahn, Vinton Cerf Packet-Switching Knowbot 1997 1.0832 99.6 0.0160 20.0
6955484 Nicholas D. Woodman Harness system for attaching camera to user 2004 0.1692 46.4 0.4167 87.3
6985922 Janet Emerson Bashen LinkLine 2001 0.4254 88.8 0.1151 52.3

Appendix E. Supplementary data

Supplementary data to this article can be found online at https://doi.org/10.1016/j.respol.2025.105295.

Data availability

The patent data used in this study is publicly available from Pat-
entsView at https://patentsview.org/download/data-download-tables.
The code for replication is accessible at https://github.
com/AlexJieYang/RP _Text vs_citations. For access to additional data,
please contact the author directly.
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