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Scientific and technological progress is largely driven by firms in many domains, including artificial intelligence
and vaccine development. The early identification of the future performance of innovation players is a relevant
goal for policymakers and practitioners. In this work, we investigate how the future trajectory of a firm can be
predicted by the economic or technological value of its early patents. By inspecting the patenting life cycles of

7440 publicly listed firms, we find that the economic value of a firm’s early patents is an accurate predictor of
various dimensions of a firm’s future research success. At the same time, a smaller set of future top-performers
do not generate early patents of high economic value, but they are detectable via the technological value of
their early patents. Importantly, the observed heterogeneity of the firms’ temporal success patterns markedly
differs from the patterns previously observed for individuals’ research careers.

1. Introduction

Understanding the technological impact of an invention or of an
economic actor actively engaging in innovation is a burning topic in
economics and management due to its implications for various sectors
and decision-making processes. When looking at the impact of past
innovations, patents are one of the best-known data sources, and the
citations they have received are a particularly effective indicator in
capturing the relevance of a single invention because they can be
counted by patent document, thus allowing a straightforward compari-
son. This makes citations particularly useful to estimate how valuable a
patent is commercially or establish how successful it is from a research
and development standpoint. However, it takes time for a patent to
accrue citations. As effective as citations are as ex-post measures of
inventive value, researchers must look elsewhere when they aim to
predict in advance where the next breakthrough invention will come

from. In the absence of reliable invention-level predictors, firm-level
characteristics are natural candidates for this task. However, which
firm-level indicators best forecast important innovators remains largely
unexplored.

This work ventures in this direction by focusing on firm-level in-
dicators that predict the technological and market success of R&D
investing firms, of the technologies they develop, and the technological
trajectories that are fueled as a consequence. Identifying a class of
effective indicators in this sense has the potential to improve investors’
and policymakers’ decision-making as well as economic research by
advancing our ability to better identify in advance future key players
and, through them, future avenues of technological development (Yang
et al.,, 2023; Kim et al., 2023). To this aim, we build and compare
different classes of firm-level indicators based on their predictive ability
in two respects.

= Funding: This work is supported by the National Natural Science Foundation of China (Grant No. 62306191, T2293771), STI 2030—Major Projects (Grant
No. 2022ZD0211400), and the New Cornerstone Science Foundation through the XPLORER PRIZE. MSM acknowledges financial support from the Swiss National
Science Foundation (Grant No. 100013-207888) and the URPP Social Networks at the University of Zurich. AZ acknowledges the European Union - Next Generation
EU Italian PRIN project (Grant No. 20223W2JKJ “WECARE”).
Disclaimer by LN: The views expressed in this paper belong solely to the authors and do not necessarily reflect an official position of the European Commission.

* Corresponding author at: URPP Social Network, University of Zurich, Zurich, CH-8050, Switzerland.

** Corresponding author at: School of Cyber Science and Technology, University of Science and Technology Of China, Hefei, 230026, PR China.

E-mail addresses: manuel.mariani@business.uzh.ch (M.S. Mariani), linyuan.lv@ustc.edu.cn (L. Lii).

https://doi.org/10.1016/j.techfore.2024.123208

Received 10 June 2022; Received in revised form 29 December 2023; Accepted 2 January 2024

Available online 19 January 2024

0040-1625/© 2024 The Author(s). Published by Elsevier Inc. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).


https://www.elsevier.com/locate/techfore
https://www.elsevier.com/locate/techfore
mailto:manuel.mariani@business.uzh.ch
mailto:linyuan.lv@ustc.edu.cn
https://doi.org/10.1016/j.techfore.2024.123208
https://doi.org/10.1016/j.techfore.2024.123208
http://creativecommons.org/licenses/by/4.0/

S. Xu et al.

The first aspect concerns the predictability of a firm’s research
success, which we define in terms of the technological and economic
value of its patents. This is inspired by the technological forecasting
literature as well as the economics and management literature. In the
former stream of literature, several works have looked for early signals
of significant technologies and patents, which would be of interest to
companies as well as investors (Altuntas et al., 2015; Mariani et al.,
2019; Chung and Sohn, 2020; Jiang et al., 2023a; Yang et al., 2023).
At the same time, the latter stream has shown that, at the firm level, the
quantity and quality of a firm’s patents correlate with several measures
of future performance (Ernst, 2001; Andries and Faems, 2013; Wu
et al.,, 2022; Lu and Wang, 2024). Our empirical analysis examines
whether citation-based or economic indicators of the value of firms’
early patents are more predictive of firms’ future research success.

The second aspect concerns the timing of a firm’s most valuable
patents. This is inspired by recent cross-disciplinary studies that gen-
erated insights on the dynamics of research success of scientists and
their scientific works (Sinatra et al., 2016; Liu et al., 2018; Wang
et al., 2019; Yin et al., 2019; Wang and Barabasi, 2021). In addition to
the common use of bibliometric indicators (e.g. citations) to measure
success in scientific research and technological R&D, there are also
common patterns across the two fields in how novelty emerges and how
the trajectories of the actors responsible for it evolve. However, if the
analogy is also extended to the timing of creative success over the life
cycle of scientific and economic actors, one would expect a firm’s most
valuable inventions to appear at random in its sequence of patents (Si-
monton, 1997), while the management literature exploring the relation
between firm age and research performance is not conclusive on this
(see Literature review section below). Our empirical analysis seeks to
uncover whether early or late research hits are more likely for the firms,
or whether research hits occur with the same likelihood at any life cycle
stage, similar to creative careers.

It can be argued that to have sufficient data to construct an actor-
level bibliometric analysis, one needs to focus on actors that have
recorded a large enough production. In the present case, it implies fo-
cusing on firms with an established patent portfolio, which are typically
large and mature companies. Though this could seem to be a limitation
in the applicability of the analysis, it is worth noting that large R&D
investing firms account for over 80% of privately funded R&D (Gras-
sano et al., 2022) and over 60% of global patent filings (Amoroso et al.,
2021), making them a relevant object of study. Here, we focus on 7440
publicly listed firms in the United States Patent and Trademark Office
(USPTO) from 1926 to 2017 (Woeppel, 2019; Kogan et al., 2017). We
represent a firm’s research life cycle as the time-ordered sequence of its
issued patents (see Fig. 1 which exemplifies the life cycle of four firms
highlighting the timing of each one’s hit patents). Based on this repre-
sentation, we ask the previously unanswered questions: Is firms’ future
research success predictable from their earliest outputs? If yes, which
dimensions of early research success are the most predictive ones? And
do firms exhibit similar research success patterns as academic actors?

An obstacle toward answering these questions is the ambivalence
of the success of patents from the applicant firm’s standpoint. As
mentioned above, quantitative studies of technological innovation often
define the success of a given patent based on its number of received
citations or some other citation-based indicator (Aristodemou and
Tietze, 2018; Jaffe and De Rassenfosse, 2019), in line with the def-
inition of scientific papers’ impact in the growing literature on the
science of science (Wang et al., 2013; Fortunato et al., 2018; Wang and
Barabasi, 2021). However, defining patent success in terms of citation
counts would only capture the patents’ technological value, but not
their economic value, which drives firms’ investment decisions (Kogan
et al., 2017; Stoffman et al., 2020).

The recent dataset by Kogan et al. (2017) offers us the unique
opportunity to simultaneously quantify the technological value of firms’
patents via citation-based metrics (Hall et al., 2005) and their economic
value based on the firms’ stock-price movements following the patent’s
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announcement (Kogan et al., 2017). By comparing different classes of
value metrics over the life cycle of the firms in our data, we aim to
quantify the predictability of firms’ research success, and understand
the different implications of patents’ economic and technological value
for a firm’s research success. We find that the technological and eco-
nomic value of a firm’s early patents hold different predictive signals
for the firm’s later research success. The economic value of a firm’s
early patents is predictive of both the economic and technological value
of its later patents. On the other hand, the technological value of a
firm’s early patents is only predictive of the technological value of the
firm’s subsequent patents, but not of their future economic value. We
also identify a minority of firms without top-economic value patents in
the early stage, which are “sleeping beauties” achieving high-economic
value patents in the later stages of their life cycle. These firms markedly
differ from those of “predictable” firms that are among the top ones
by economic value in both the early and late stages. In particular, in
the case of sleeping beauties, the technological value of patents is a
much stronger predictor of the future innovative success of the firm.
Overall, our findings suggest that indicators of the early economic value
of firms’ innovations are very relevant in the prediction of the research
success of R&D investing companies. Furthermore, we find empirical
support for the claim that, contrary to the timing of scientists’ highest-
impact papers (Sinatra et al., 2016), the timing of a firm’s best research
over its life cycle is non-random.

Our results have important implications both for stakeholders in
the innovation system — policymakers, investors, and managers — and
academic scholars. From a managerial perspective, our findings show
indeed that a firm’s future technological trajectory can be early pre-
dicted through a patent-level indicator which can be estimated within
few days after the patent’s issuance. This underscores the crucial role of
picking up market signals on firms’ patents for investment and policy
decisions. On the research side, our findings contribute by demonstrat-
ing that different early signals on a recent firm’s patents are not equally
predictive. This is evident in the differences between the predictive
power of the economic and technological value of a firm’s early patents.
At the same time, as our findings are correlational and predictive, more
research is needed to analyze empirically and theoretically the subject,
and identify possible confounding effects.

The rest of the paper is organized as follows. Section 2 reviews the
literature and the open questions addressed by this work; Section 3
describes the research methods; Section 4 presents the research results;
Section 5 discusses our results as well as their implications for scholars
and stakeholders in the innovation system.

2. Literature review

A defining characteristic of the literature on Technology Forecast-
ing (TF) is the systematic attempt of its contributions to predict and
understand the potential direction, speed, characteristics, and effects
of technological change. A testament to this is the multitude of studies
and reviews regularly published on methodological advances in the
field (Martino, 2003; Firat et al., 2008; Cho and Daim, 2013; Park et al.,
2020). TF initially emerged during the 1950s and 1960s as a tool to an-
ticipate military technology needs and aid in R&D planning. However,
over time, the significance of TF has expanded beyond military appli-
cations to encompass business and policy considerations (Porter, 1999;
Coates et al., 2001). This evolution reflects the increasing need for
investors, companies (both large and small), and countries to have ac-
cess to reliable tools that can support their decision-making processes,
including setting research and development priorities and enhancing
technological competitiveness (Porter, 1999). Various forms of forecast-
ing technology developments and their impacts have emerged from this
prolific field of research, such as technology intelligence, forecasting,
roadmapping, assessment, and foresight (Technology Futures Analysis
Methods Working Group, 2004). These methods serve a common goal:
to provide insights into growth forecasts, interrelationships between
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Fig. 1. The research life cycles of firms extracted from their patents. We characterize a firm using the temporal sequence of its issued patents, which we refer to as the firm’s
life cycle. The technological value of a patent (green dots, blue for the most cited patent) is a function of the number of its citations. The economic value ¢ of a patent (orange
dots, red for the highest value patent) is a function of the stock-price movement of the applicant firm related to the patent’s announcement. The four panels show the patenting
life cycles of four major firms — Amazon, Apple, Dell, and Sanyo — that achieve the most cited patent and the patent with the highest economic value at different stages of their
life cycles. Amazon’s highest tech-value patent came early in the firm’s life cycle, while its highest economic value patent came late; the opposite is true for Sanyo. For Apple, the
most cited patent and highest economic value patent emerged at the early-middle and late-middle stages, respectively. As for Dell, both kinds of highest-value patents emerged in
succession. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

technology areas, influential researchers or research groups, and the
underlying factors that influence technological advancements (Firat
et al., 2008).

Of the many qualitative and quantitative methods developed over
the years to pursue the arduous task of gaining insights into (or, better
still, anticipating) the evolution of technology, bibliometric and patent
data-based approaches have become increasingly popular in recent
years. This has happened as a result of the availability of comprehen-
sive data collections (Hall et al., 2001; Maraut et al., 2008; Woeppel,
2019; De Rassenfosse et al., 2019; EPO, 2023b) bringing together ex-
tensive data about the contents of patent documents and other aspects
related to the inventions that they cover (e.g. citations, technology
codes, geographical information, patent text, links to economic or firm-
level data). This trend in data availability has been accompanied by the
rise of computational resources and the emergence of techniques allow-
ing to extract valuable information from large collections of data about
technological trends (e.g. Rotolo et al., 2015), innovation activity, and
the competitive landscape within specific industries.

Two popular methodological alternatives in the literature focus,
respectively, on the analysis of patent codes (sometimes in combination
with keyword searches) or patent citations as predictive tools. Tech-
nology codes are standard symbols used to classify the technological
domains in which a given patent document innovates with respect to
the prior art. A very desirable characteristic that technology codes bring
to the table for large-scale data analysis is that the most important
classifications' (International Patent Classification (WIPO, 2023) and
Cooperative Patent Classification (EPO, 2023a)) are shared by most
patent offices worldwide, which allows a language-independent com-
parison of documents submitted to patent authorities around the world.
Code-based studies of technologies consider the diffusion and evolution
of codes over time a measure of how dynamic innovation is in general
over a certain period (Strumsky et al., 2012; Youn et al., 2015) as
well as to predict how successful or promising specific technological
applications are (Daim et al., 2012; Altuntas et al., 2015; Baumann
et al., 2021; Yuan and Cai, 2021; Ghaffari et al., 2023; Metzger et al.,
2023).

1 The International Patent Classification (IPC) is a standardized system used
for the classification of patents and patent applications on a global scale. It
categorizes patents into defined sections, classes, subclasses, and groups. The
World Intellectual Property Organization (WIPO) is responsible for maintaining
and updating the IPC. The Cooperative Patent Classification (CPC) is a patent
classification system jointly developed by the United States Patent and Trade-
mark Office (USPTO) and the European Patent Office (EPO). Compared with
IPC, CPC refines classifications further, incorporating additional subgroups and
symbols to provide a more granular representation of technological features.

Similarly to technology codes, also the citations received by a
technology or an invention® are an effective instrument to measure
or predict innovative success or value (Hall et al., 2001; Chang et al.,
2009; Lee, 2009; Cho and Shih, 2011; Jaffe and De Rassenfosse, 2019).
Contrary to codes, which characterize the scope of an invention very
well, and hence can be used to create measures of similarity or related-
ness between inventions (Yan and Luo, 2017; Whittle and Kogler, 2020;
Sbardella et al., 2018), citations are particularly effective in capturing
the relevance of a single invention because they can be counted by
document and allow comparison over a single dimension. This makes
citations particularly useful in applications that aim to estimate how
valuable a patent is commercially or establish how successful it is from
a research and development standpoint.

However, as mentioned in Section 1, citations have inherent lim-
itations as early predictors of technological success. Finding better
metrics in this respect would not only be useful from the viewpoint
of TF, but would also be informative for the economics and man-
agement literature, which have tackled the issue at the firm level
through many relevant studies. For instance, studies have found a
significant relation between the quantity and quality of firms’ patents
and future sales (Ernst, 2001), financial performance (Chen and Chang,
2010; Andries and Faems, 2013; Hsu et al.,, 2013), export perfor-
mance (Wu et al.,, 2022), domestic innovative sales (Thompson and
Woerter, 2020), and start-up growth (Guzman and Stern, 2020; Farre-
Mensa et al.,, 2020). Besides, researchers have used patent data to
correlate various dimensions of firm performance with different in-
novation strategies (Michelino et al., 2019; Pugliese et al., 2019b;
Cammarano et al., 2020; Xie et al., 2021; Cammarano et al., 2022).
These works made extremely valuable contributions to the literature
by pointing to the prominent role of patent analysis in understanding
firms’ research activities (Katila, 2000; Hall et al., 2005; Ponta et al.,
2021), but they did not attempt to predict a given firm’s future re-
search success based on the value of the firm’s early patents. To our
best knowledge, there are no previous attempts in the literature to
determine whether firms’ patent outputs in the early stage can predict
firms’ future research success and if yes, which early indicator is the
most predictive one. We aim to address this gap with our analysis.

Understanding the timing of innovation within the life cycle of an
economic actor is a further relevant aspect in improving our ability to

2 Generally referred to as forward citations to distinguish them from the
citations that a patent document contains to acknowledge prior art; these are
called backward citations. Since in this paper we are interested in forward
citations only, we will henceforth use the term citation as a synonym of
forward citation.
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predict, which has been under-appreciated in the economics literature,
but has instead been extensively explored in recent cross-disciplinary
studies about the dynamics of research success of scientists and their
scientific works (Sinatra et al., 2016; Liu et al., 2018; Wang et al., 2019;
Yin et al., 2019; Wang and Barabési, 2021). This literature has empha-
sized that despite substantive differences between the two processes,
scientific research and technological R&D share several commonalities.
For instance, previous studies showed that both build their success
on prior knowledge (Uzzi et al., 2013; Mukherjee et al., 2017; Shi
and Evans, 2019; Pugliese et al., 2019a,b); that the impact of papers
and patents has a predictable evolution over time (Wang et al., 2013;
Higham et al., 2017); and that team size predicts research impact and
disruptiveness (Wu et al., 2019).

If the analogy between scientific and economic actors engaging
in innovation also holds for the timing of creative success over their
life cycle, one should expect a firm’s most valuable inventions to
appear at random points in its sequence of patents (Simonton, 1997).
However, the management literature exploring the relation between
firm age and research performance has provided arguments that could
potentially support both the predominance of early and late research
hits along a firm’s life cycle (see Table S1 in Supplementary Information
for a summary). Some works claimed that newcomer firms are more
likely to produce innovations of high technological quality (Huergo and
Jaumandreu, 2004; Balasubramanian and Lee, 2008). This is because as
firms age, they might gradually refine their innovation competence and
organizational routines (Sgrensen and Stuart, 2000); in this phase, ben-
efits from new technological advances might reduce (Thornhill, 2006;
Balasubramanian and Lee, 2008). Hence, inventions by experienced
firms are more likely to be the extension and improvement of their
established innovative domains and technologies (Sgrensen and Stuart,
2000). At the same time, the innovation literature has identified factors
that might favor research success at the late stage of firms’ life cycles,
including time-consuming knowledge acquisition (Jones, 2009; Withers
et al., 2011), experience (Withers et al., 2011), reputation and central-
ity in relevant collaboration networks (Hoflinger et al., 2018; Withers
et al., 2011), the hiring of new CEOs (Cucculelli, 2018) and so on (see
Table S1 in SI for more details). In sum, some of these works introduce
mechanisms that could suggest that a firm’s research hit might occur
early on along the firm’s life cycle (Sgrensen and Stuart, 2000; Huergo
and Jaumandreu, 2004; Thornhill, 2006; Balasubramanian and Lee,
2008), while other works introduce mechanisms that suggest that late
hits might be more likely (Withers et al., 2011; Cucculelli, 2018). Our
work provides the first empirical measurement of the distribution of
the timing of a firm’s most valuable hit, and our results contribute to
this long-standing debate.

3. Methods
3.1. Data and general approach

To examine the predictability and dynamics of firms’ research suc-
cess, we analyze the 2,458,402 patents granted to 7440 publicly listed
firms by the USPTO from 1926-2017 (the dataset are available at
(Woeppel, 2019)). We leverage a recent dataset (Kogan et al., 2017),
based on which we can quantify simultaneously both the technological
and the economic value of firms’ patents. To build the dataset, the
authors downloaded from Google patents the entire history of US
patent documents and processed the data to disambiguate applicant
names. Further, they matched all patents in the data to corporations
whose returns are in the Center for Research in Security Prices (CRSP)
database using a name-matching algorithm and filtered out mismatched
patents (Kogan et al., 2017). The result is a dataset in which each patent
applicant is a firm publicly listed on the US stock market. The average
number of issued patents per firm is 330.6, and the largest number is
123,220 (granted to IBM).
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To measure the technological value of a patent at year ¢, we compute
its cumulative citation count until year ¢ based on the citation informa-
tion in the dataset. As for the economic value metric, we rely on the
ready-made measure &, which is defined as the present value of the
monopoly rents associated with the patent. A patent’s ¢ is estimated
by focusing on a short time window around the patent announcement
and filtering the stock price reaction to the patent from the total stock
return over the window. To compare patents issued in different years,
we normalize both metrics by requiring that the score of a patent is
not biased by its issuing year (Waltman, 2016; Mariani et al., 2019).
Since we are interested in firms with a sufficiently productive research
activity, in the main text we limit the firm-level analysis to the 2819
firms that have at least 15 patents. In the Supplementary Information,
we show that our main results are qualitatively robust when filtering
the firms based on their number of years of research activities, see
Fig. S15 in SL

The crucial advantage afforded by the data we employ is that,
besides patent citation information allowing us to compute the techno-
logical value of patents, it also provides an estimate of their economic
value based on firms’ stock price movements. The possibility to assess
the predictability of firms’ patent value along two distinct dimensions
pushed us to focus uniquely on this dataset, even though other well-
known sources of data about firms’ patents exist (e.g. the NBER Patent
Data Project (NBER, 2012), the Global Corporate Patent Dataset (Dar-
den, 2017)) and the Chinese patent database of listed firms (Zhang,
2017; CNRDS, 2020).

3.2. Quantifying the value of patents

In this work, we consider two dimensions of research value: tech-
nological value and economic value. To assess the predictive power
that these metrics have on the research success of firms, we need to
construct firm-level indicators accounting for the innovative output of
each actor over a given time window. To this aim, in this Section, we
first need to define technological and economic value at the patent
level. We then move on to define the aggregate metrics at the firm level
in the next Section.

To quantify the technological value of a patent, we measure its num-
ber of received citations (Hall et al., 2005). A potential shortcoming of
the citation count, even when restricted to a fixed temporal window
(see e.g. Sinatra et al., 2016), is its strong bias by patent age (see Fig. 2A
and Fig. S1 in SI), which makes it unsuited to perform a fair comparison
between patents issued in different years (Mariani et al., 2019). To
eliminate this bias, we define the age-normalized citation value (NCV)
of a patent as its relative ranking position by citation count among all
patents issued in the same year. In formulas, patent i’s technological
value is NCV; = 1 — r;/N(t;), where N(t;) is the number of patents
issued in the same year ¢; as patent i, and r; denotes the ranking of i by
citation count among the N(¢;) patents of the same age. r; = 1 if i is the
top patent; r; = N(z;) if i is the last one, which corresponds to NCV; =
1-N(@,)"! and NCV, = 0, respectively. We assign the average rankings
to all tied values. Therefore, the resulting score NCV; € [0,1) is close
to one (zero) for high-value (low-value) patents. Crucially, differently
from the rankings by citation count (see Fig. 2A) and C|, (i.e., citation
count restricted to the first 10 years after the patent issuance, see SI,
Fig. S1) (Sinatra et al., 2016), the ranking by NCV is consistent with
an age-unbiased ranking (see Fig. 2B).

To quantify the economic value of a patent, we rely on a recent
measure based on the granted firm’s stock price movement upon the
patent’s grant event, which is denoted as ¢ (Kogan et al., 2017).
The rationale behind the ¢ metric is that the market learns that a
USPTO patent application has been successful on the patent’s issue
date, when the patent is listed in the USPTO’s official journal Offi-
cial Gazette. Therefore, the patent’s economic value can be estimated
based on the firm’s stock-market reaction around the patent issue
date. Stock market reactions to specific announcements have been also
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Fig. 2. Normalizing patent-level technological and economic value metrics. Age distribution of the top-1% patents ranked by the citation count (panel A), economic value &
(panel C), and the proposed normalized value metrics (panels B and D). We divide all patents into 40 equally-sized groups by age and show the number of top-1% patents from
each age group (Mariani et al., 2019). The dashed red line denotes the expected value for an age-unbiased ranking, 0.01 N /40, where N denotes the total number of patents of all
firms. The distributions for the raw value metrics (C and &) are strongly biased by patent age (panels A and C), which makes them unsuitable for studying the temporal patterns
of firms. By contrast, the two normalized value metrics (NCV and NEV) exhibit a flat temporal profile (panels B and D).

used in event studies that were able to measure the impact of the
announcements of crowdsourcing activities (Cappa et al., 2019) and
M&A operations (Cappa et al., 2022; Pinelli et al., 2022), among others.
To grasp the main idea behind (Kogan et al., 2017)’s &, assume that,
prior to the issue event, the market can observe the market value &; of
a given patent application i, and estimate that the probability that the
patent application would be successful is z;. The firm’s stock market
reaction to the patent’s issuance, on the issue day, is reflected in the
change of the firm’s stock price, given by the equation (Kogan et al.,
2017)

AV = -1)é&. €8]

By making additional assumptions on the distributions of the com-
ponents of the firm’s stock market returns linked and not linked to
the patent announcement, Kogan et al. (2017) provided empirical esti-
mates of ¢ for all patents in the collected dataset, which are available
at Woeppel (2019).

Kogan et al. (2017)’s & metric is admittedly not the only method to
measure patents’ economic value. Previous works in economics consid-
ered alternative definitions based on surveys of patent holders (Harhoff
et al.,, 1999; Gambardella et al., 2008), licensing incomes (i.e., the
revenues that the patent holder earns from patent licensing) (Sampat
and Ziedonis, 2004) and the transfer of patent rights (Serrano, 2006),
among others. The major problem with these metrics is that they are
backward-oriented (i.e., they can only capture past information), which
could lead to imprecise estimates (Hall et al., 2007). Meanwhile, the
patent holders have no interest in disclosing the trade details of the
patent (Frietsch et al., 2014). Previous studies have found that a firm’s
patenting activities are linked with its stock market valuations (Hall
et al., 2005; Nicholas, 2008), which motivated (Kogan et al., 2017)
to propose the & metric used here. It is a forward-looking evaluation

because of the nature of the stock market (Sandner, 2009; Hall et al.,
2005), which can get rid of the above limitations. The authors revealed
that compared with patent citations, this economic measure of patents
is more correlated with firm growth (Kogan et al., 2017). The & measure
has been increasingly used in the innovation literature (Hsu et al., 2021;
Cascaldi-Garcia and Vukotié, 2022; Kim and Valentine, 2021), which
motivates its use in our paper.

Differently from the cumulative number of patent citations, a paten-
t’s ¢ is determined shortly after the patent’s issuance and does not
change over time. Similarly to citation count, the economic value
metric ¢ also exhibits strong bias by patent age, as shown in Fig. 2C.
Again, to prevent this bias from influencing our firm-level results, we
define the age-normalized economic value (NEV) of a patent as its ranking
position by & among all patents issued in the same year (see Fig. 2D).
Specifically, patent i will obtain a score NEV; =1—r;/N(t;). Likewise,
NEV ranges in [0, 1).

3.3. Quantifying the value of firms

To quantify the research success of a firm, one could average or
sum the value of all its patents. However, it is well-known that patents’
quality is highly heterogeneous (Silverberg and Verspagen, 2007), and
prior works placed a greater emphasis on a firm’s most prominent
innovation than on ordinary innovations (Ahuja and Morris Lampert,
2001; Fleming and Sorenson, 2003; Dunlap-Hinkler et al., 2010). For
this reason, we focus on a firm’s patents with the highest technological
and economic value, which we refer to, respectively, as its technolog-
ical and economic hits (Ahuja and Morris Lampert, 2001; Srivastava
and Gnyawali, 2011). The two hits coincide for only about 2% of the
analyzed firms (see Fig. S2 in SI for the correlation details). As we
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Table 1

Technological Forecasting & Social Change 201 (2024) 123208

The different technological value (NCV) and economic value (NEV) of five historically significant patents. Among the historically significant
patents identified by Strumsky and Lobo (2015), we show a sample of five patents whose NCV differs from the NEV. We refer to Table S2 in

SI for the value metrics of all 31 significant patents.

Patent # Issue year Applicant firm NCV NEV Title/description
2895584 1959 INTERNATIONAL BUSINESS 0.77 0.96 Selectric typewriter
MACHS COR printing head

3728480 1973 SANDERS ASSOCIATES INC 0.98 0.17 First video game

3821715 1974 GENERAL ELECTRIC CO 1.00 0.83 Intel 4004 microprocessor

4504982 1985 OPTICAL RADIATION CORP 0.99 0.41 An intraocular lens for
permanent implantation
into a human eye

6469012 2002 PFIZER INC 0.66 0.99 Viagra

show below, the value of early economic and technological hits have
substantially different implications for firms’ future research success.

Based on the hits, we define the two dimensions of the research
value of a given firm a: its technological value (T'V) and its economic
value (EV). We define the TV and EV of a firm as the technological
value of the firm’s technological hit and the economic value of its
economic hit, respectively. In formulas, TV, = max;cp {NCV;} and
EV, = max;cp {N EV;}, where P, denotes the set of patents that were
granted to firm «. Note that to simplify exposition, in the following,
we refer to a “firm’s value” as a shorthand for its research value,
i.e. the value of its patents. This should not be confused with the firm’s
stock price or other measures of the firm’s performance, which are not
considered here.

4. Results
4.1. Patent-level economic and technological value correlate weakly

A patent may represent a major technological advance, but its an-
nouncement might fail to restrict competition or attract the attention of
investors, thereby generating a modest impact on the firm’s stock price.
For example, patent US3728480 from Sanders Associates (see Table 1)
reported the invention of the first video game that could be played on
a home television. This can be considered as a substantial technological
advance compared to computer games, and the patent was highly cited,
resulting in a high technological value (NCV = 0.98). At the same time,
the patent failed to capture market interest shortly after its issuance
because of the recession in the cable TV industry at that time (Winter,
2019), which resulted in a low economic value (N EV = 0.17). We refer
to Tables 1 and S2 in SI for the NCV and NEV of a set of expert-
selected historically significant patents (Strumsky and Lobo, 2015), and
to Tables S3-S4 for a list of top patents by NCV and NEV, respectively.

Overall, the Pearson correlation between patents’ technological and
economic value is as low as (NCV,NEV) = 0.09, and the correlation
between the two non-normalized variables is also low (r(c,&) = 0.09,
see Fig. 3). To explain the discrepancy between our finding and pre-
vious claims of a high positive correlation between technological and
economic value (Cremers et al., 1999; Hall et al., 2005; Kogan et al.,
2017), we show that such correlation increases as patents are grouped
into increasingly large sets of patents with a similar citation value
(see Fig. 3). Therefore, whereas previous works demonstrated that
groups of patents with higher citation impact exhibit higher economic
value (Kogan et al., 2017), the low correlation reported here indicates
that there is little predictability of economic value from citation value
at the individual patent level, and suggests that the two dimensions of
value may hold different forecasting implications.

4.2. Early economic value predicts future research success

To uncover regularities in the dynamics behind firms’ research
success, we divide firms into three groups according to their techno-
logical value and economic value. Specifically, we consider the top-5%
firms as high-value firms, the bottom-35% as low-value firms, and

the intermediate 60% as medium-value firms. All our results do not
strongly depend on the exact choice of these separation thresholds
(see Figs. S13 and S14 in SI). These three groups of firms exhibit
markedly different productivity (in terms of the number of issued
patents) and value dynamics (see SI Fig. S3). High-value firms exhibit a
sustained advantage over medium and low-value firms in terms of both
productivity and value. This gap is evident even in the very early stage.
Motivated by this finding, in the following, we examine whether early
activity data can be used to predict firms’ future value.

To this end, we split each firm’s research life cycle into a 5-year
initial window of early activities and a later window composed of all
its remaining years. Our results are qualitatively unchanged for dif-
ferent choices of the initial period’s duration and the later period’s
duration (see SI S4.3). A firm’s early technological value is defined as
the technological value of its early technological hit (i.e., the highest-
value patent among the patents issued within the initial 5-year window
as measured by the NCV). Similarly, a firm’s early economic value is
defined as its early economic hit measured in terms of the NEV. We
can define firms’ subsequent technological and economic value in the
same way by referring to their patent output in the later window.

Analyzing the early and late value of firms, we find strong pre-
dictability: firms among the top-5% by early economic value are 21.9
times more likely to be among the top-5% by subsequent economic
value than the other firms; firms among the top-5% by early tech-
nological value are 5.1 times more likely to be among the top-5%
by subsequent technological value than the other firms (see Fig. 4).
These initial findings motivate the question: Is early technological or
economic value more predictive of firms’ subsequent research success?

To quantify the predictive power of firms’ early technological and
economic value, we study a set of classification problems where we
use information on firms’ early patents to predict whether firms will
subsequently be among the top-5% by two dimensions of future re-
search success: the technological value of the firm’s late technological
hit (i.e., the highest-value patent among the patents issued in the
late window), and the economic value of its future economic hit. We
consider various metrics of firms’ early performance that could be
predictive of future success: not only the firms’ early technological
and economic value, but also their early productivity (in terms of the
total number of issued patents in the early window) (Ahuja and Katila,
2001; Zhang et al., 2020), total citations of early patents (Trajtenberg,
1990; Turkina et al., 2019), and other aggregate measures of early
patent value (in terms of cumulative & NCV, and NEV). For each
of these early performance metrics, we measure various predictive
accuracy metrics, including precision, recall, area under the precision—
recall curve (AuPRC) (Powers, 2011), for a Naive Bayes Classifier that
classifies a firm as successful in research if and only if it is among
the top-z% by the metric in the early window, where z is a parameter
that can be tuned to achieve a desired value of recall (see SI S4.1).
Fig. 5 contains a simple example to convey the intuition behind the
prediction of late EV and TV based on early EV and TV in the case
of two firms, Microsoft and Hitachi. The left panel shows that Microsoft,
which has a high economic hit in the early window (patent US5021974)
goes on to obtain a high economic hit (patent US5893915) and a high
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Fig. 3. The correlation between patent’s technological value and economic value. (A) The joint probability of the number of citations and ¢ for all patents. The Pearson
correlation between ¢ and the number of citations is 0.09. (B) The joint probability of the NCV and NEV for all patents. The Pearson correlation between the NCV and NEV is
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each group. We obtain a high correlation: r = 0.88. This is consistent with the result in Kogan et al. (2017), and it indicates that the correlation increases as patents are grouped
into growing sets of patents with a similar citation value. (D) is similar to (C), but reporting the correlation between the group-level NCV and NEV (r = 0.86).
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Fig. 4. Success probability for firms in different groups classified by early patent value. Early value is measured based on firms’ earliest 5 years after the first patent issuance.
We exclude the activity during the earliest 5 years when evaluating late value. (A) The probability of being ranked among the top 5% by late economic/technological value for
firms in different groups of early economic value. Firms with high early economic value (top-5%) are 21.9 (9.8) times more likely to be among the top-5% by late economic
(technological) value than other firms. (B) The probability of being ranked among the top 5% by late economic (technological) value for firms with different groups of early
technological value. Firms among the top-5% by early technological value are 3.9 (5.1) times more likely to be among the top-5% by late economic (technological) value than

other firms.

technological hit (patent US6697944) in the late window. On the other
hand, Hitachi achieves high TV early on (patent US4074148), but low
EV. The data shows that, in the late window, Hitachi achieves another
high technological hit (patent US4858105), but ends up with low EV.
This provides hints of the discrepancy between the predictive ability of
early EV and TV.

Our predictive analysis that early economic value is the strongest
predictor of both high-economic value firms and, more surprisingly,
high-technological value firms in the future (see Fig. 6 for results).

By considering classifiers with z% = 5% which predicts a firm will
belong to the top 5% of late EV/TV if it is among top z% based on
early metrics, the precision of the classifier based on early economic
value reaches 51.6% and 31.9% for the prediction of high economic
and technological value firms in the future (10.3-fold and 6.4-fold
increase compared with a random classifier, respectively), as opposed
to the smaller precision of the classifier based on early technological
value (2.8-fold and 3.4-fold increase compared to a random classifier,
respectively), as shown by Figs. 6A and B. The results based on raw
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Fig. 5. An illustration of the predictive signals from the early patents of two firms. (A) Microsoft exhibits a high-value economic hit in both the early and late stages. During
the early period (gray area), Microsoft’s economic hit (panel A) was at a high level and its technological hit was at a low level; in the subsequent years (white area), the company
produced both high-economic-value patents and high-technological value patents. (B) Hitachi Limited exhibits high-value technological hits, but low-value economic hits, in both
the early and late stages. The table provides the details of these hit patents.
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Fig. 6. Predicting top firms in the late window from their early patents. We evaluate the predictive power of classifiers based on the top-z% firms by various metrics of
their early patents (within the earliest five years after their first patent issuance): economic value (EV), technological value (TV), total number of citations (C) and total number
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the classifiers’ precision normalized by the precision of a random guess as a function of z%; panels C, D refer to the area under the precision-recall curve (AuPRC).
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accuracy metrics are shown in Fig. S4 in SI. By summing over all
possible values of z%, the AuPRC of the classifier based on early
economic value is 4.12 times and 1.72 times larger than that of the
classifier based on early technological value in the prediction of future
high economic value firms and high technological firms, respectively,
as shown by Figs. 6C and D.

The predictive power of firms’ early economic value is substantially
stronger than that of other predictors from the literature (such as
early productivity and total citations), and significantly larger than
that of a random classifier (see the dashed black lines in Fig. 6).
These conclusions are robust to alternative choices of the prediction
evaluation metric (see Fig. S4 in SI) and variations in the duration
of the early window (see SI Fig. S5) and subsequent window (see SI
Fig. S6). Combining all the early performance metrics via a binary lo-
gistic regression model can moderately improve the predictive accuracy
only for the prediction of high-technological-value firms, at the cost of
increasing model complexity (see Fig. S4 in SI). For this reason, in the
main text, we only show the results of single performance metrics.

Importantly, the stronger predictive power of early economic value
holds as well when restricting the analysis to individual industrial
sectors: by considering 10 macrosectors based on the first two digits of
firms’ Standard Industrial Classification (SIC) code,® we find that the
early economic value is the strongest predictor of future research suc-
cess for all 10 industries except for the Transportation & Public Utilities
sector (see SI, Fig. S10 for details). This exception might occur because
in this sector, the economic value of generated research is a weaker
determinant of governments’ and agencies’ investment decisions.

The observed predictive power motivates us to better characterize
the association between the firms’ early economic value and their
late productivity, technological value and economic value. Through
propensity score matching (Rosenbaum and Rubin, 1983), we detect
two groups of firms whose early economic value significantly differs,
but whose early productivity and technological value do not (see
Fig. S8A in SI). In line with the predictive results above, we find that
the two groups of firms significantly differ in their late productivity,
technological value, and economic value (see Fig. S8A in SI). To
understand whether the late success might be driven by the increased
productivity of the high early economic value firms, we perform an
additional matching analysis where we add the firms’ late productivity
among the covariates. We still find a significant success advantage
for the group with higher early economic value (see Fig. S8B in SI),
which suggests that the late research success of firms with higher early
economic value is not due to their higher late productivity. While this
analysis better characterizes the relation between early and late value,
we do not aim to provide a detailed identification of the mechanisms
responsible for the strong connection between early economic value
and late research success, as it is beyond the scope of this paper to
investigate causality. Nevertheless, the exercise points in a potentially
interesting direction for future research aiming to uncover the causal
mechanism linking early and late value, and to identify the reasons why
only the early economic value — and not the early technological value
— effectively predicts the late research success.

4.3. Early patent value predicts sleeping beauties

The observed predictability indicates that early top firms are more
likely to be among the high-value ones in the future. We refer to firms
with early high economic value that maintain high economic value in
the subsequent years as early bloomers. Despite the high precision of
the resulting classifiers, there exist 2.3% of firms that are not initially
among the top-performing ones (i.e., top-5% by early economic value)
and later end up among the top-5% (see Fig. 7A). These late-blooming
firms, which we refer to as sleeping beauties, are reminiscent of sleeping

3 https://siccode.com/
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Table 2
A simple classification of firms.

Top late EV Non-top late EV

Top early EV (top 5%) submersibles

Non-top early EV (bottom 95%)

early bloomers

sleeping beauties bottom feeders

beauty papers in science (Ke et al., 2015): They achieve a high-value
economic hit only after a relatively long time after their first patent
issuance. Here, we aim to quantify the early detectability of the set of
sleeping beauties that transition from medium or low value in the early
window to high value in the late window.

Both early bloomers and sleeping beauties exhibit high late economic
value, as opposed to the 92.7% of remaining firms that never reach
high economic value, which we refer to as bottom feeders; finally, we
refer to the 2.3% of firms that achieve high economic value in the
early window and descend to a lower value level in the late window as
submersibles. Table 2 summarizes this classification of firms. We show
the heterogeneous economic-value trajectories of 14 well-known firms
in Fig. 7A. Among them, Microsoft, General Electric, AT&T, eBay and
Apple maintained a high value (and are therefore classified as early
bloomers according to our definition), while Amazon fell from high
to medium value (therefore, we tag it as a submersible). By contrast,
Intel, IBM, and HP went up from medium to high value, and Applied
Materials rose from low to high value; these four firms qualify as
sleeping beauties according to our definition.

Applied Materials is a telling example of sleeping beauty. The firm
was unable to produce high economic-value patents within its earliest 5
years of patenting activity, although it was granted high-technological
value patents in the early window. After 1982, its economic value
exhibited steady growth, and subsequently, the firm became able to
produce high economic-value patents (see Fig. 7B and Fig. S7 in SI for
more examples of notable sleeping beauties). This transition is reflected
in the company’s history. Applied Materials went public in 1972. In
the subsequent few years, the company followed a diversified business
strategy. During this period, its technological value was high, while its
economic value was low. In 1976, it changed its CEO and refocused on
its core business of semiconductor manufacturing equipment (Turner,
2005). After that, its economic value rapidly increased, whereas its
technological value stayed at a high level. At the time of writing, the
company is a global leader in its core industry.

The existence of sleeping beauties raises the question: Are they
predictable? The Applied Materials example suggests that high early
technological value might predict transitions from low or medium
early economic value to high late economic value. We confirm this
conjecture in two ways. First, we compare the early technological value
for four groups of firms with distinct economic value dynamics (see SI,
Fig. S9A). We find the average TV (5) for sleeping beauties is 0.957
(s.e.m. 0.009), which is markedly larger than that for submersibles
(0.939 (s.e.m. 0.022)), bottom feeders (0.876 (s.e.m. 0.003)), and
even slightly larger than early bloomers (0.954 (s.e.m. 0.016)). Subse-
quently, we perform a propensity score matching analysis in which we
only consider firms with non-top early economic value, and the early
technological value is used to split pairs of firms among a “high-T”
(high-early technological value) and “low-T” (low-early technological
value) group. Among same-industry firms with similar non-top early
economic value and early productivity, those with high early tech-
nological value exhibit 10% higher late economic and technological
value than low-T ones (see Fig. 7C and SI, Table S8). These findings
indicate that among firms with non-top early economic value, an early
advantage in early technological value translates into a late advantage
in terms of economic value.

We further evaluate our ability to early detect the sleeping beauties
via their early economic and technological value. To this end, we
measure firms’ economic and technological value within the earliest 5
years, and we evaluate the predictive performance of a Naive Bayes
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Fig. 7. Predicting sleeping beauties. (A) Illustration of the transition of firms’ economic value level from the early stage (first 5 years) to the late stage (from the sixth year
on). (B) An example of a sleeping beauty: Applied Materials Inc. This panel shows the yearly economic (red dashed line) and technological value (orange dashed line) and yearly
number of issued patents (blue dashed line). Over the earliest 5 years (gray shadow), Applied Materials was granted high technological-value patents, but stayed at low economic
value. After the early period, the economic value of its patents steadily grew, until the firm’s patents reached a high economic value. See the main text for a discussion and
more examples in SI, Fig. S7. (C) Matched pair analysis restricted to firms with medium or low economic value during the early phase. Firms in the high-T and low-T groups
significantly differ in terms of their early technological value. Firms in the high-T group exhibit a significant advantage in terms of future economic and technological value (see
Table S8 in SI for the complete results). Error bars stand for standard errors of the mean. (D) Accuracy of simple classifiers for the early detection of sleeping beauties, in terms of
their AuPRC normalized by the AuPRC for a random classifier. The best predictive performance is achieved by the simple combination of early economic and technological value.

classifier that classifies a firm as a sleeping beauty if and only if
it is among the top-z% by a given metric, where z is a parameter
that can be tuned to achieve a desired value of recall. We consider
various performance metrics, including early productivity, N(5), early
economic value, EV (5), early technological value, TV (5), and the sum
of early economic and technological value, EV (5)+TV (5). We find that
the EV(5) alone achieves a 5.1 fold increase in AuPRC compared to a
random classifier (see Fig. 7D). This signals that, unsurprisingly, firms
that are nearer the top threshold in the early stage are more likely to
transition to high value. More interestingly, the TV (5) alone achieves
a 2.5 fold increase in AuPRC compared to a random classifier, and a
combination of the EV(5) and TV (5) achieves the most accurate pre-
diction, leading to a 5.8 fold increase in AuPRC compared to a random
classifier (see Fig. 7D and Fig. S9B in SI for shortening the duration
of early window), which confirms the key role of early technological
value in the transition to high economic value.

4.4. The timing of firms’ hit patents is not random

The observed predictability of firms’ future hits from early patents
motivates us to study the temporal dynamics of firms’ patent value. Do
firms tend to be granted their hits at the beginning of their research life
cycles? Or are firms’ highest-value patents randomly distributed along
firms’ life cycles, similarly to the highest-impact works for scientists,
artists, movie directors, and musicians (Sinatra et al., 2016; Liu et al.,
2018; Janosov et al., 2020)? How do these patterns differ for early
bloomers and sleeping beauties? We find that differently from results
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for individuals’ creative works (Sinatra et al., 2016; Liu et al., 2018;
Janosov et al., 2020), the temporal position of a firm’s hits is markedly
non-random.

Specifically, we study the distributions P(N(./N) and P(N/N) of
the relative position of a firm’s technological hit (Né) and economic
hit (N}), respectively, compared to the firm’s total number of issued
patents, N (Sinatra et al., 2016; Janosov et al., 2020). Both types of
hits are significantly more likely to occur among earliest patents than
expected by chance, which is demonstrated by the left peaks of the two
distributions (Figs. 8A and B). The observed peaks cannot be explained
by randomized patenting histories where for each firm, patents’ value
scores are randomized, while the total number of patents is preserved
(see the shadowed area in Figs. 8A and B) (Sinatra et al., 2016). At
the same time, while the probability of achieving the technological
hit steadily decreases as a firm is granted more patents (Fig. 8A),
the probability of achieving the economic hit exhibits a second peak
around the end of the life cycle (at N;/N ~ 1, see Fig. 8B). These
results hold not only when considering all firms together, but also
when considering separately high-value (top 5% by their hits’ value),
medium-value (middle 60% by their hits’ value), and low-value firms
(bottom 35% by their hits’ value), and when considering firms from
different industries, see Figs. S11 and S12 in SI.

The heterogeneity of firms’ hit position is well-illustrated by a few
key case studies in Fig. 8C (see Table S5 in SI for details). IBM achieved
its economic hit (about an integrated circuit with dielectric insulation)
in 1976, whereas it achieved its technological hit significantly later (in
2002) with a patent on controlling access to shared storage devices.
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Fig. 8. Heterogeneous patterns of research success over a firm’s life cycle. (A) Probability distribution of N//N for all analyzed firms, where N/ /N € [I/N,1] denotes the
relative temporal position of the firms’ technological hits (equal to 1/N or 1 if the hit is the first or last issued patent of the firm, respectively). The overall decreasing trend
significantly deviates from the expectation P*¢*"(N*/N) =1 for a randomized life cycle. The shadow area shows the standard error of the results for 200 times randomized firms’
life cycles. (B) Probability distribution of N; /N for all analyzed firms, where N;/N € [1/N, 1] denotes the relative temporal position of the firms’ economic hits. We observe a
two-peaked distribution that significantly deviates from the expectation P"4*"(N+ /N) =1 for a randomized life cycle. (C) Illustration of N¢ vs. N for a sample of 16 famous
firms, it shows firms like IBM, AMD and Intel have an early economic hit but a relatively late technological hit, while for Apple and Motorola, the opposite is true, see details in
SI, Table S5. (D) Average NCV of firms’ patents as a function of relative patent order for four groups of firms: early bloomers (2.7%), sleeping beauties (2.3%), bottom feeders
(92.7%), and submersibles (2.3%) firms. All groups of firms exhibit a declining trend. (E) Average NEV of firms’ patents as a function of relative patent order for the same four
groups of firms. Whereas the average NEV of patents by early bloomers and submersibles decline with patent order, the patents by bottom feeders and sleeping beauties exhibit
a clearly increasing trend. (F) P(N/N) for the same four groups of firms. The two peaks are manifestations of the heterogeneity of firms’ value dynamics: early bloomers and
submersibles only contribute to the early peak of the distribution, whereas sleeping beauty and bottom feeders only contribute to the late peak.

On the other hand, the Apple’s technological hit appeared in 1992
(on a powered manager for a portable laptop computer), whereas its
economic hit was issued substantially later (in 2006, on an improved
method for generating multimedia non-linear effects).

The different behavior of P(Né /N) and P(N,/N) is a reflection
of firms’ heterogeneous value dynamics, which is linked to the pre-
dictive problem studied above. To demonstrate this point, we consider
the previously-defined four groups of firms: early bloomers, sleeping
beauties, submersibles, and bottom feeders. For the four groups of
firms, we find that the average technological value of their patents
tends to steadily decrease over time (Fig. 8D), which matches the
higher probability of early appearance of technological hits. The only
exception is the group of sleeping beauties, which exhibits a more
stable trend. This suggests that the sleeping beauties’ innovation ability
does not diminish as they mature, which could be the key to their
later transition. By contrast, the dynamics of average economic value
exhibits heterogeneous patterns. Whereas the average economic value
of the patents of early bloomers and submersibles tends to remain stable
or decrease over the firms’ life cycles, the economic value of sleeping
beauty and bottom feeders sharply increases over time (Fig. 8E). This
different behavior is reflected in the behavior of P(Nj/N): early
bloomers and submersibles only contribute to the early peak, whereas
sleeping beauty and bottom feeders only contribute to the late peak
(Fig. 8F).

The observed early peak of P(N/N) supports the claim that new-
comer firms are more likely to produce innovations of high techno-
logical quality (Huergo and Jaumandreu, 2004; Balasubramanian and
Lee, 2008). Based on our previous results, one could conjecture that
the second economic peak of sleeping beauties might be due to the
increasing ability of technologically competitive firms to attract interest
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from the market. In some cases, like Applied Materials, this might be due
to organizational transformations. In other cases, the late peak might
be due to factors that have been associated with late success in innova-
tion research, including time-consuming knowledge acquisition (Jones,
2009), experience (Withers et al.,, 2011), and reputation (Hoflinger
et al., 2018). Uncovering the mechanisms underlying the observed
patterns of research success goes beyond the scope of this contribution,
but remains an important challenge for future research.

Taken together, our findings indicate that the firms’ hits are not uni-
formly distributed along the firms’ research life cycles, which markedly
differs from previous findings on the timing of success for scien-
tists (Sinatra et al., 2016), artists, movie directors (Janosov et al.,
2020), and musicians (Janosov et al., 2020). Relatedly, our analysis
shows that it is possible to construct a class of prediction indicators
of the research success of firms based on the early economic value of
patents, which outperforms purely citation-based indicators.

5. Discussion

Our work aims to identify early warnings of firms’ research success
to be able to forecast their technological trajectories. By viewing each
firm as a collection of its granted patents, we quantify firms’ research
success according to the economic and technological value of their
patents in two periods (an early and a late stage). We demonstrate that
the economic value of a firm’s early patents is highly predictive of both
the economic value and technological value of the firm’s late patents.
By contrast, we find that, surprisingly, the early technological value
of a firm’s patents is only predictive of the technological value of the
firm’s late patents. Among firms with late patents of high economic
value, we distinguish between ““ early bloomer” and “sleeping beauty”
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firms (namely, firms with and without high early economic value,
respectively). We identify early signals that enable the early detection
of sleeping beauties. Specifically, for firms with relatively low economic
value in the early stage, high early technological value can promote late
economic value. Moreover, we find that early bloomers and sleeping
beauties exhibit considerably different patterns of research success over
time: The patents by early bloomers exhibit an approximately stable
average economic value, whereas sleeping beauties’ patents exhibit a
sharply increasing average economic value. Similarly, the economic hit
patents by early bloomers tend to be among the earliest patents, but the
opposite is true for sleeping beauties. Our results have value both for
stakeholders in the innovation system — policymakers, investors, and
managers — and academic scholars, as outlined below.

5.1. Implications for stakeholders in the innovation systems

From the point of view of policymakers and managers, the early
identification of patent value and top innovation players is an impor-
tant task (Yang et al., 2023). Our results show how the economic value
of firms’ early patents, a measure that can be recovered just days after
the issuance of the patent, is highly informative of the firm’s future
technological trajectory. It is an important task both per se, as the
early evaluation of a patent allows for prompt managerial decisions in
a context of uncertainty (Fleming, 2001), and because the evaluation
of patent value can inform patent-based measures. For instance, many
institutional bodies use patents as a proxy for R&D investments when
the latter is unavailable, or as a way of splitting R&D expenses among
corporate subsidiaries or branches proportionally to the number of
patents assigned to each one (Grassano et al., 2020), relying on the
strong assumption that all patents have equal value. In this respect,
early measures of the value of patents allow for more refined metrics,
and therefore better aimed and more prompt policies.

Furthermore, the framework we propose opens the possibility of
identifying future relevant players in the innovation system, as early
technological and monetary success is informative of firms’ future
research success. The reaction of the market to the firms’ early patents
is an early signal of the future market and technological potential of the
firm; picking up this signal can have a crucial relevance for investment
and policy decisions. Indeed, the early identification of the future
trajectory of firms is a crucial aspect to build effective policies (Brown
et al., 2017).

5.2. Contributions and implications for researchers

Our work makes three main contributions to the technological
forecasting literature. First, it demonstrates that not all early signals
on a firm’s early patents are the same: The patents’ economic value
is a substantially more accurate predictor of the firm’s future research
success compared to the patents’ technological value. Further analysis
is thus called for the mechanisms behind this predictability. Second,
our work defines different classes of firms according to their economic
value patterns, and it demonstrates the predictability of sleeping beauty
firms. Finally, it identifies key differences in the success patterns of
firms compared to innovative actors in academia (Sinatra et al., 2016;
Janosov et al.,, 2020; Wang and Barabasi, 2021). This is a strong
indication that existing models for the dynamics of human innovative
achievements do not apply to firms’ life cycles, which calls for new
models. A scientist is one individual, while a firm is a collection of
individuals whose composition, internal network structures, leadership,
etc affect its performance. Incorporating all this “internal complexity”
into the predictive and timing analyses can help better understand the
mechanisms behind the different patterns observed for firms.

As for the study of industrial organization and economics models,
the present work questions our understanding of firms’ innovation and
the impact of early innovation on future trajectories. Many models of
industrial organization involving innovation at the firm level assume
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uncorrelated innovation shocks (Belleflamme and Peitz, 2015). Our
work hints at the role of the economic success of early innovations
to characterize the whole innovation trajectory of the firm. This is
consistent with a process of cumulative causation, where past success
leads to more resources for innovation and a higher future potential.
On the other hand, if the future potential of firms were shaped by
idiosyncratic shocks, one would not expect to observe a significant
difference between the predictive performance of indicators based on
the economic and technological value of patents. Future research is
surely needed.

5.3. Limitations and future research

The main limitations of our work open key directions for future
research. First, as mentioned, the presence (absence) of the predictive
power of the economic (technological) value of firms’ early patents
and the different success timing observed for early bloomers and sleep-
ing beauties raise the question of which are the main mechanisms
responsible for the observed difference. While our analysis is purely
correlational and predictive, future works may attempt to identify
specific mechanisms and test them on empirical data via, e.g., matching
procedures, instrumental variables, and natural experiments. Such ad-
vanced methodologies can help identify confounding effects, and reveal
possible causal pathways through which the success of a firm’s early
patents influences the firm’s future success.

Second, by focusing on publicly listed firms, our analysis does not
include the many ventures that never experienced growth and failed,
and the companies that performed research that was never significant
enough or necessary to produce a patent. To extend the implications of
our insights, including failed companies is a key direction for future re-
search, and it will likely involve the collection of new data that include
research activities beyond those that lead to patents. Initial studies have
revealed how similar endeavours can uncover fundamental mechanisms
behind success and failure in science, entrepreneurship, and public
security (Wang et al.,, 2019; Yin et al., 2019; Jiang et al., 2023b).
Furthermore, the approach we propose has some obvious limitations
in terms of scope. In fact, in addition to the well-known shortcomings
of patents in capturing parts of the innovation landscape, the additional
requirement that firms be listed restricts the set of economic actors
to which the method can be applied. Nevertheless, firms that have
not gone public or have just produced their first patent (e.g. startups)
are already the focus of much research employing techniques such as
machine learning and natural language processing to retrieve useful
information. Even though mature companies with established patent
portfolios are important players in the development of new technolo-
gies, extending the predictive analysis beyond patents and improve the
predictions of the research success of small or young firms would be a
very valuable advancement.

Third, while we purposely focused on two specific dimensions of
firms’ performance (the technological and economic values of firms’
patents), future research could extend the observed predictive insights
to additional dimensions of firm performance, such as the firm’s rev-
enue growth (Thornhill, 2006), labor productivity (Pugliese et al.,
2019b), export competitiveness (Laudati et al., 2023; Wu et al., 2022),
and green innovation performance (Cui et al., 2022), among others.

Finally, while recent strides in the science of science have deep-
ened our understanding of the success trajectories of academic re-
searchers (Sinatra et al., 2016; Liu et al., 2018; Wu et al., 2019; Li et al.,
2019; Wang et al., 2019; Wang and Barabasi, 2021), our results provide
the first step toward a quantitative understanding of the evolution of
firms’ research success from a complexity science standpoint. Beyond
firms, the research approach developed here might find applications to
the prediction of the research success of other players, such as cities,
regions, and nations. This could help forecast promising regions and
companies, identify bottlenecks in research and innovation activities,
and inform resource allocation strategies.
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