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Abstract

This paper describes the construction of the Knowledge Input-Output (KIO) table
constructed as part of the RETHINK project. Using PATSTAT data on forty years
of patent data from across the globae, the KIO table provides information on the
number of patent applications across ten major patenting countries and the rest of
the world and across 131 technology classifications. It further provides a network
of patent citations, thus indicating how patents build from existing knowledge and
contribute to the construction of further innovation. In addition to describing the
KIO’s construction, we provide a number of stylized facts on patenting activity and
the citation network. These facts illustrate the lessons that can be learned from patent
citation data while also identifying potential pitfalls in their use.
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1 Introduction

Knowledge rarely arises from a vacuum, rather it builds on what has come before. From
oral histories through written word to digital repositories, innovation has always learned
from the existing stock of knowledge. In this fashion, each idea borrows from those that
came before it and contributes to the creation of new ideas. Thus, as with traditional input-
output tables where production in one industry or country both uses inputs from others
and provides inputs for further production, one can conceive of a knowledge input-output
table in which ideas are linked both to their predecessors and their progeny.ﬂ In this paper,
we describe the construction of such a Knowledge Input-Output (KIO) table that is built
from patents available in the PATSTAT database. Using these data, we provide a publicly
available KIO that covers the ten major innovating countries (as well as the rest of the world)
across four decades with patents decomposed into 131 disaggregated technological classes.
This includes both the amount of patenting activity (both patent applications and granted
patents) as well as the strength of connections between country-technology-time triads via
patent citations. Further, we develop a set of stylized facts on innovation showing that,
despite ever increasing collaborations across borders, it remains a fairly siloed activity with
connections across patents largely within countries, periods of time, and technologies. Put
differently, patents primarily build off of local patents in the same technologies, suggesting
that the evidence for both international spillovers and “disruptive” innovations that combine
disparate technologies remain fairly limited.

Specifically, the KIO is a citation matrix that links patents from one country-technology-
time triad to another. Although there are a number of assumptions that must be made
during the process, such as whether to use all patent applications or just granted ones,
how to allocate a given patent across countries, how to deal with multiple patent filings
representing a single innovation (patent families), and more, the end result reports both
the level of patenting activity for each triad and the number of citations by triad pair.
These citations also have a directional interpretation where a citation between two patents
represents a backward citation for the citing patent and a forward citation for the cited
patent. Thus, one can interpret the KIO as a weighted directional network where each triad
is a node and citations are links between them. This then forms a tool to talk about the
size of innovation activity, the intensity of spillovers, and more. Our goal here is to provide
such a tool alongside a set of stylized facts regarding the KIO.

Ours is not the only attempt to build such a KIO. For example, Acemoglu, Akcigit,
and Kerr (2016) use just granted patents filed with the US Patent Office (USPTO) from
1975-2009. Cai, Li, and Santacreu (2022) also use USPTO data (running from 2001-2010) to
construct a KIO for 19 OECD countries and 19 industrial sectors.ﬂ Liu and Ma (2021), mean-
while, extend their analysis to global patenting activity from 1976-2020 using information
from Google Patentsf] Combining information on a patent’s inventor(s), assignee(s), and

'We use terms such as knowledge, idea, inventions and innovation somewhat interchangeably. We do,
however, acknowledge that these words have different connotations when it comes to patenting. A patent is
for an innovation, that is an invention that has generated (monetary) value. An invention is an idea with a
potential monetary value.

2To operate at the sector level, they use a concordance between technology classifications and industries.

3 Although PATSTAT has somewhat better coverage, the advantage of Google Patents is that it is free to



the patent office where it was filed, they fractionally apportion each patent across countries
and use the earliest filing date to establish the timing of an innovation. Ayerst, et al. (2023)
also use Google Patents to construct a KIO across countries and technologies, however their
time period is more limited and runs from 1995 to 2015. Furthermore, they only use inventor
information in allocating patents to countries. Finally, they limit the time of a link to ten
years. Nevertheless, Hall, Jaffe, and Trajtenberg (2001) show that a significant number of
citations tend to come after this point, suggesting some long-standing contributions can be
lost.

In comparison to these, we use either assignees or inventors in apportioning patents across
countries and show that the two are very similar. Further, relative to Ayerst, et al. (2023),
we use a time horizon that is twice as long. Finally, the KIO presented here focuses on
the ten major patenting countries (based on the total number of patent filings) in order to
most clearly discuss the connections across countries. Beyond alternative data assumptions,
unlike them, we offer additional detail on citations across a variety of disaggregations, thereby
providing important information for understanding the patterns that can be drawn from our
—or any — KIO. For example, the issue of the timing of citation arrivals and what this means
for both beginning- and end-of-sample truncation has been largely overlooked. Further, we
point out significant country variation in data quality — for example patents from China and
Japan are often missing technology details limiting the number of their patents that can
be used in a KIO. Similarly, they tend to have fewer — or even zero — backward citations,
again suggestive of omissions in the data. As such, their role in the international diffusion of
knowledge may be systematically understated. This is important to recognize in the analyses
of, for example, Ayerst, et al. (2023) and Liu and Ma (2021), who combine patent citations
with international trade data to estimate the role of diffusion in productivity growth. Since
patent data for major trading partners such as China and Japan are often incomplete and
understate their international connections, this can have an impact when estimating the role
international trade as a channel for technological diffusion.

An important admission regarding the KIO is that it draws from PATSTAT which is a
database of patents, not innovation itself. As described by Hall, et al. (2014) the decision of
whether to patent at all is an important one since by filing for protection, a firm both incurs
considerable application costs and reveals its proprietary knowledge to potential competitors.
Thus, patenting is a proxy for innovation since it only captures the innovation of a subset
of firms and even then only for “successful” research projects, i.e. those that generate
results deemed worthy of a patent application. Further, patents work as a proxy for the
outcome of the innovative process. In contrast, measures such as R&D spending or the
number of scientists — inputs to the research process — are alternative measures of innovation.
Nevertheless, patent data are perhaps the most widely used innovation proxy because of
their availability and granularity (Jaffe and de Rassenfosse, 2017). Further, if the intent is
to measure how knowledge builds on knowledge, then the omission of secretive innovations
for which no patent emerges may be a fairly minor issue. Thus, given our effort to analyze
innovation across countries over a significant time horizon, we therefore use the patenting
data while recognizing this caveat.

The rest of the paper proceeds as follows. Section [2| describes the data and methodology

researchers. Liu and Ma (2021) provide an extended comparison, finding fairly few differences.



used to construct the KIO. Section |3| provides some stylized facts on the KIO across time,
countries, and technologies. Finally, Section || concludes.

2 Data Set Construction

In this section, we describe the construction of the KIO table including the data used[f]
Recall that the KIO is an attempt to measure the generation of knowledge within a location,
technology, and time as well as capture the ways in which one set of knowledge builds from
and feeds into other sets of knowledge. With this objective in mind, the KIO described here
measures P, that is, the number of patents filed in a given country a, in technology b,
during time c. Further, it measures the number of citations (Ngpcy.) made by Py (the
citing patents) from the patents created in country x, in technology y, in period z. This
then represents how innovations both build off of others and contribute to the creation of
more innovations. To be clear on definitions, Nypc zy- is the number of backward citations for
abc and forward citations for zyz. Although the meaning of the entries in the KIO is fairly
straightforward, there are several features of the PATSTAT data that must be understood
in order to appreciate what the KIO captures (and what it does not).

2.1 Data Selection

The first question is whether to use only granted patents or all patent applications. As
discussed by Davies, Hynes, and Kogler (2021), the patenting process is a highly uncertain
one with approximately half of applications being granted (something found in our data as
well). While the argument can be made that granted patents are “better” than unsuccessful
patent applications and therefore only granted patents should be used, two significant issues
arise. First, there is a well-documented home bias in granting rates with applications arising
from within the jurisdictions covered by a patent office significantly more likely to be granted
(see Drivas and Kaplanis (2020), Webster, et al. (2014), Webster, et al. (2007), Guellec and
van Pottelsburghe (2000), among others). Thus, to use only granted patents can lead to
important, if foreign, innovations being overlooked. This is particularly worrisome in light of
our effort to examine cross-border knowledge spillovers. Further, as documented in Davies,
Hynes, and Kogler (2021), the patenting process is a long one, with the average granted
patent requiring more than five years for approval. Therefore, restricting the KIO to granted
patents would introduce a significant truncation issue for more recent years. Third, even if
a given patent application is not itself granted, this does not mean it cannot influence other
innovations. Indeed, even ungranted patents are cited, especially during the early years
post-submission. Therefore, we use all patent applications, regardless of whether or not they
have been granted, in the KIO. For ease of exposition, from this point forward we use the
word “patent” to cover both granted patentand ungranted patent applications. That said,
in the KIO, we provide data on both the total number of patents (as in Ayerst, et al., 2023)
and just those which were granted (as in Acemoglu, Akcigit, and Kerr, 2016).

These patents are drawn from the Autumn 2022 release of the PATSTAT databasel[]

4Replication code for construction of the KIO is available on request.
5This can be found at https://www.epo.org/en/searching-for-patents/business/patstat.
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While PATSTAT contains entries dating back to 1783, reporting of patents submitted prior
to 1980 is limited and contains a number of missing fields. As this would preclude them
from use, we restrict ourselves to patents submitted from 1980 onwards. As discussed in
detail below, this introduces some issues surrounding backward citations at the beginning of
the sample, an issue which would also feature in, for example, Cai, Li, and Santacreu (2022)
and Ayerst, et al. (2023). Further, PATSTAT often features a delay between the filing of a
patent and its entry into the database. As such, there is a decline in the number of patents
in the 2022 version of PATSTAT starting in 2020. We therefore restrict the KIO to cover
from 1980 to 2019 inclusive, i.e. four decades worth of data. A similar issue would arise in
the KIO of Liu and Ma (2021) who use patents into the 2020s. Given the infrequency of
patenting, particularly when breaking patents down across technologies, our KIO aggregates
yearly information into four decades: the 80s (1980-89), 90s (1990-99), 00s (2000-2009), and
10s (2010-2019). This also reduces the sparsity of the citation matrix.

While on the topic of truncation, it is important to recognize that forward citations for
patents closer to the end of the dataset are fewer for the simple reason that more recent
patents have not been around long enough to accumulate as many citations. In their ex-
amination of US patents, Hall, Jaffe, and Trajtenberg (2001) find that a patent’s forward
citations tend to peak around five to seven years post-filingf| Thus, the KIO will automati-
cally have a tendency to understate forward citations for patents submitted in the 10s. This
issue would feature in the KIOs of Ayerst, et al. (2022) and others as well. These restrictions
must be noted when attempting to compare the evolution of the KIO across decades.

In addition to restricting the years of patents, we also limit ourselves to filings with the
“big five” offices: the European Patent Office (EPO), the US Patent Office (USPTO), the
Chinese Patent Office (CPO), the Japanese Patent Office (JPO), and the Korean Patent
Office (KPO). This differs from, say, Ayerst, et al. (2023) and Liu and Ma (2021) who use a
much larger set of patent offices. Although PATSTAT offers information for over 100 patent
offices, reporting from smaller offices is missing essential information for our analysis. In
particular, the lag between filing and entry in the database appears to be more severe for
smaller offices, meaning that their inclusion exacerbates end-of-sample truncation. Finally,
as will be discussed further below, even for the major Asian offices, technology information
is missing with a greater frequency than in the US or European data. Thus, the added
number of usable patent filings from including those offices is limited. In any case, for our
purposes, leaving out these offices is arguably a minor issue for two reasons. First, the
countries covered by the big five offices are responsible for the large majority of patenting
activity. WIPO (2022) indicate that these offices account for 85% of global patents, meaning
that we capture a large share of patents. Second, recall that the purpose of patenting is to
protect one’s intellectual property. Thus, if a given innovation is valuable — and therefore
important when considering linkages in knowledge creation — we would expect that the
owners would have sought protection in at least one of these five major markets. This is
indeed the argument made by by Coelli, Moxnes, and Ulltveit-Moe (2022) in their study of
patenting and exports. Therefore, we proceed using the more reliable data arising from the
big five patent offices.

6Tt is worth nothing that in their data, this peak has moved closer to the time of filing, i.e. forward
citations fade out sooner.



When geo-locating patents, one can use the assignee (the owner) listed on the patent
or the inventors listed in PATSTAT[]| Each has its advantages. Assignees suggest where
planning surrounding the innovation and its economic value may accrue to (although within
multinationals there is the potential for patent shifting for tax purposes; see Schwab and
Todtenhaupt, 2021). Inventors, on the other hand, point towards where knowledge may be
created. If innovation spillovers are localized, as found by Keller (2002), this may then be
preferableff| Rather than side with one approach or the other, we use both in constructing
our KIO, providing data on patenting activity and citations when using assignee countries
as well as when using inventor locations. As discussed below, although inventor location
suggests more multi-country patents, the overall KIO results are extremely highly correlated
across the two. In the KIO produced here, in order to limit the dimensionality of the matrix,
we separately record values for the ten most frequently patenting countries and aggregate
the remaining countries into a “Rest of the World (ROW)” grouping. As discussed further
below, these ten separate countries make up the large bulk of overall patenting activity in
our data. Note that other KIOs, such as Cai, Li, and Santacreu (2022) restrict themselves
to a small number of countries or, as in Ayerst, et al. (2023), drop infrequent innovators.

Finally, in terms of technology, we use the CPC codes provided by PATSTAT. These
technology classifications are assigned by the patent office when an application is submitted
for the purpose of searching the prior art to assess an application’s novelty and thus whether
it should be granted. Note that as CPC codes are updated, PATSTAT retroactively updates
its information using its own concordance, ensuring that CPC codes are consistent across
time. Note that we do not include the “Y” subset of codes in the KIO’s construction as
this miscellaneous category is largely used to identify green technologies regardless of their
underlying technologies. As such, it is not a good indicator of the co-occurrence of technolo-
gies within patents. While the CPC codes reported in PATSTAT are quite disaggregated,
to reduce dimensionality of the KIO, we operate at the three-digit CPC level of which there
are 131. Therefore, our KIO represents 11 countries, 131 technologies, and 4 decades, for a
total of 33,223,696 elements. This figure indicates the importance of our aggregations since
it grows exponentially as the number of countries, technologies, or time periods increases.

2.2 Patent Families

A complicating feature of patent data is that one innovation can lead to multiple patent
filings. This can occur when patent applications are made to multiple offices in order to
seek protection across multiple jurisdictions, when revised versions of a failed application
are submitted, and/or when applications are made to extend an existing patent. As such,
were we to use each of these patents it would artificially inflate the amount of innovation
occurring as well as the number of citations between innovations. To deal with this, we
take advantage of the family identifier provided by PATSTAT which links individual patents
which all derive from the same innovation.

7Or as per Liu and Ma (2021), a combination of these along with the patent office they are filed with.

81t should be acknowledged, however, that his estimates suggest a strong local component of spillovers in
R&D spending, suggesting limited scope for international effects. As shown below, this mirrors our finding
that the bulk of citations are within country.



This then introduces two issues. The first regards the allocation of a given innovation
across countries, technologies, and time. If each patent p within a family f had the same set
of assignees/inventors, technology, and filing dates, then deciding what to include is straight-
forward and would be identical to randomly choosing a family member. This, however, is not
always the case. For example, filing dates often differ across family members as the owner
of the patent completes paperwork for different offices. Likewise, reapplication of a rejected
patent can generate a subsequent filing date. To deal with this, we use the earliest filing
date within the family to establish the year of the innovation. This mirrors the approach of,
for example, Ayerst, et al. (2023).

Additionally, although infrequent, family members can differ in assignees/inventors and /or
technologies. When filings are across multiple offices, this can potentially happen when as-
signees/inventors are added to mitigate home bias or when different patent offices assign
different technologies to the patent. Similarly, subsequent filings stemming from, say, reap-
plications may add assignees or technologies. Finally, there is always the possibility of data
entry errors when creating PATSTAT. One way of dealing with this would be to choose a
single patent to represent the entire family. This, however, runs the risk of omitting key
information. For example, if a given technology is listed on all but one family member, then
it may be missed when randomly choosing. Likewise, if all technology information is missing
for the chosen member, then the patent would be omitted from the KIO entirely. If such
omissions are common for particular countries (as is true with China and Japan as described
below), this runs the risk of under-representing innovations from those locations. With this
in mind, we use all assignees/inventors and technologies included across all family members
in the fractional apportionment process described momentarily’] Note that for individuals
listed only on a subset of family members, this ensures they receive positive, if discounted,
representation. In any case, in an alternative approach we used a random selection from
the family members sharing the earliest filing date rather than all family members[l’] The
resulting KIO was virtually identical to the one presented.

The second issue with multiple filings regards citations. This has two implications. First,
different family members can share a given backward citation, i.e. they all cite the patent.
More generally, there are cases where differing members of one family cite different members
of another. Such instances can occur when, for example, the EPO member of family 1 cites
the EPO member of family 2 whereas the USPTO member of family 1 cites the USPTO
member of family 2. In such cases, there are multiple citations across families even though
there is just one actual connection between them. Counting each of these separate citations
would exaggerate the number of forward/backward citations (and thus importance in the
citation network). With these issues in mind, we count at most one citation per family
pairE] Furthermore, we drop within-family citations from the sample. The second citation
possibility with multiple family members is within-family citations as can occur if a reap-
plication includes a citation of an earlier, failed version. Because these self-citations violate

9Note that if a patent is sold to a new assignee, that assignee is only included if it is listed on a patent
within the family (as can occur if it purchases a innovation with a failed application and then makes a new
one).

1012.7% of families have multiple patents which share this date.

1Tt is somewhat unclear how this has been done in the construction of other KIOs.



the spirit of our notion of knowledge spillovers, we omit these when constructing the KIO[?]

Thus, our KIO is built from patent families, where the timing of the family is the ear-
liest patent filing across members and we use all assignees, inventors, and technologies in
apportioning the family across countries and technologies. To simplify exposition, from this
point forward, when we use the word “patent” we are speaking about the family to which it
belongs.

Although the timing of a patent c is set by the earliest filing date within the family,
meaning that it is attributed to a single year, this is not the case for location or technology.
We therefore follow the practice of fractional apportionment in which a given patent p € f
is allocated across countries according to the share of assignees/inventors from that country.
Specifically, the share of a patent p attributed to location a is Zé(-lli where [; is the total
number of either assignees or inventors from country ¢ reported across members of family
f. Likewise, where j, is the number of most disaggregated CPC codes in three-digit CPC
b, the share of the patent attributed to technology b is Z]:jk' Therefore, each patent p has
a share s, = 2%‘; I Zlbjk allocated to country-CPC ab. Similarly, a citation from pgpe 0 Gyy-

is allocated across ab, ry according to szbsgy. To arrive at the entries for the KIO, we then
sum up across patents within each country-CPC-decade triad.

2.3 Data Specifics

In this section, we provide details on the KIO construction at each stage of the process. This
is intended to provide as much insight into the data which underpins the KIO. For ease of
exposition, we focus on the KIO using assignee location, followed by a comparison of this to
the inventor location version.

As noted above, we use PATSTAT data from the five major patent offices running from
1980-2019 which covers 48,132,094 patents (granted and otherwise). Some of these are
multi-filings so that we are in practice operating with 36,277,112 unique patents/families.
For 749,503 families, no filing date information is available for any family member. These
are therefore dropped from the sample. Turning to the location data, we have at least one
assignee with a reported country for 32,797,618 families. Those without any such information
are dropped from the sample. Note that when using assignee, cross-country families are
rare with only 683,742 families crossing borders. To place families in technological space,
we require at least one CPC code (outside of the “Y” category) for some member of the
family. Relative to the location data, CPC information is more scarce, with only 21,570,304
families having a technology code listed. This difference is primarily driven by those families
located in Japan (roughly 67% of missing CPC records) and China (approximately 29%).
Of patents where technology codes are available, 14,907,133 are contained within a single
three-digit CPC code.

Thus, combining the data leaves us with 20,054,614 patents with country, technology, and
time information. Of these, approximately 53.0% were grantedE’-] By way of comparison to
other KIOs, Ayerst, et al. (2023) report they have the necessary country, technology, and
time data for 18.9 million patent families. Liu and Ma (2021) find approximately 11.7 million

12To our knowledge this was not done in the other KIOs.
13That is, 53.0% of families contain a member which is a granted patent by one of the big five offices.



patent families in Google Patents from 1985-2014, although it is not clear how many of these
have technological information. Finally, Acemoglu, Akigit, and Kerr (2016) and Cai, Li, and
Santacreu (2022), who only use filings with the USPTO, have on the order of 1.8 million
patents each. Thus, despite the fact that we focus on just the five major patent offices, our
number of usable patents exceeds those used elsewhere.

Turning to citations, we begin with 245,896,329 citations. However, these include both
duplicate citations across families and self-citations within families["] Dropping these leaves
us with 162,176,770 unique citations across families. Merging this with our patent informa-
tion reduces this to a total of 116,953,488 citations for which we have all citing and cited
family information. Although the other KIOs do not generally report the number of citations
for which they have the necessary data, Cai, Li, and Santacreu (2022) indicate that they
have approximately 10 million usable citations.

Within our data we have full information for 6,508,491 patents who make no listed
citations. One could take this to mean that these families cite nothing. In practice, however,
it is more likely that the patents they actually cite are not in the PATSTAT database.
Over half of these are due to patents from China. Japan and Korea making up another
35.8% of them. This again points out that even among the main patent offices, incomplete
entries happen. It is also worth noting that the issue of no backward citations is slightly
higher for patents filed in the early 80s, again suggestive of the start-of-sample truncation
issue discussed above. While we leave these patents in the totals describing the volume of
innovation, they do not add backward citations to the KIO.

Across patents, there is significant variation in citing behaviour. First, Figure[l]illustrates
the distribution for backward citations[”| As noted above, there are a fair number of patents
that list no backward citations. Beyond that, there is a long tail with some patents citing
a great number of others. Similarly, Figure [2] shows the number of forward patents received
by a patent for which we have all necessary informationET] Here, two patterns emerge. First,
there is a significant spike at zero citations. Unlike backward citations, this is due both to
the fact that some patents simply do not get cited and an end-of-sample truncation. Second,
there is a spike again at the end of the distribution. Together, these mean that many patents
do not get cited, most that are cited receive only a few citations, and a handful of patents
are highly influential.

Thus, the KIO provides data on the number of patents (both all and just granted) for
11 regions, 131 technologies, for 4 decades, or 5,764 country-CPC-decade triads. Further,
it provides cross-family citation counts for the 33,223,696 country-CPC-decade pairs. This
number of cells illustrates why we chose to aggregate less innovative countries into the RoW
category in order to reduce the dimensionality of the KIO. Finally, even a casual examination
of the KIO shows that it is quite sparse. Although only 3.6% of country-technology-decades
report no patenting at all, 85.9% of citation cells are zero.

The above discussion focused on the case where assignee location was used in allocating
patents to countries. Alternatively, we can use inventor location. Doing so leaves us with
20,204,938 patents with all required information of which 52.8% were granted. Likewise, this

14 Gelf-citations account for 1,267,075 citations.

I5Note that while this requires all information for the citing patent, it does not do so for the cited patent
which is obvious when there are no forward citations.

16 Again, this does not require that all identifying information exist for the citing patent.



allows us to use 117,601,976 citations. Overall, the two versions of the KIO are extremely
similar, with a correlation of individual variables across them exceeding 0.999. The only
notable difference is that the inventor approach yields far more cross-border families with
2,325,562 having inventors from multiple countries. The primary feature this influences is
the sparsity of the matrix since more countries have an inventor (if not an assignee) in a
given technology. Nevertheless, as this is a minority of patents and even in most of those
the majority of inventors come from one country, even this does not greatly affect the KIO.

3 Stylized Facts

In this section, our goal is to provide some basic insights into the KIO['] As the purpose
of freely providing the KIO to other researchers as part of the RETHINK project, we do
not attempt to provide a thorough discussion of every facet. Instead, here we discuss the
patterns within the KIO in broad strokes both to highlight features of its construction and
identify stylized facts, both of which can form a springboard for future research. Finally, we
wish to be clear that this is a descriptive exercise. We are not making any claims on the
underlying drivers of these patterns. Indeed, this is the type of future research we hope the
KIO can support.

In what follows, two basic approaches are taken. One seeks to provide summary statistics
on the number of patents and citations. The other exploits the bilateral nature of the citation
data. Fundamentally, the KIO acts as an adjacency matrix for a weighted, directional graph,
that is, it describes a network where each node is a country-technology-decade and the
citations from a citing node to a cited node act as the weighted, directional edge between
them. For more background on the use of networks in Economics, we point the reader to
the excellent contributions of Stachurski and Sargent (2022) and Jackson (2010).

3.1 Time

We begin our discussion by aggregating across countries and technologies to consider just the
time dimension of the KIO. Figure [3| illustrates the number of patents — both all and only
granted ones — by year. While the number of patents gradually increased up to 2015, there
was a significant jump around that time. This is in large part driven by a dramatic increase
in Chinese patents found in PATSTAT. After 2020, however, there is a marked reversal
driven by the end-of-sample truncation in PATSTAT. This same pattern holds when looking
just at granted patents, although the end-of-sample truncation begins somewhat earlier due
to the time it takes for an application to be granted (if it ever is).

In Figure[] we turn to the time trends in citations where the year in the figure corresponds
to the year of the citing patent for backward citations and the year of the cited patent for
forward citations. In line with the rise in the number of patents, there is a rise in backward
citations over time. This does, however, fall off at the end of the sample, potentially due to
end-of-sample truncation where some cited patents do not yet appear in PATSTAT. Forward
citations, meanwhile, peak in 2001 and then decline even as the number of patents grows.

17Unless noted otherwise, all discussion in this section is based on the assignee version of the KIO. Given
the similarities, the results from the inventor version are essentially identical.
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This has two driving forces. First, it reflects the analysis of US patents by Hall, Jaffe, and
Trajtenberg (2001) which found that the bulk of forward citations come some years after
the patents filing. Second, even if those patents are being cited, it may be that the citing
patents do not yet appear in PATSTAT.

In order to put these absolute changes into perspective, Figure [5|plots the average number
of backward and forward citations per year [’ Beginning with the backward citations, we see
an increase in the number of citations per patent up to 2005. This is the result of the fact
that only patents from 1980 onwards are used in the KIO, meaning that early patents may
have missing backward citations (or their citations suffer from incomplete data). From 2005
to 2015, the average number of backward citations holds constant before starting to decline.
This latter decline is the result of two things. First, it come from the same end-of-sample
truncation found in Figure 8] Second, there an is increase in the number of Chinese and
Japanese patents which tend to have missing technology information, meaning that they
enter the denominator without contributing to the numerator of this average. Turning to
the forward citations, we see an increase in the average, reaching a peak in the mid-1990s.
After this, the average number of forward citations declines. This is has three causes. First,
there is again the Hall, Jaffee, and Trajtenberg (2001) observation that it takes time before
a given patent tends to be the bulk of its citations. Second, end-of-sample truncation means
that some patents citing those in the KIO have yet to enter PATSTAT. Finally, just as
Asian patents report fewer citations, they are themselves less likely to be cited, so that their
increased presence pulls this average down.

As noted above, the bilateral citation data create an adjacency matrix. In Figure [6] we
illustrate the citation network when aggregating to the decade level. In this, the relative size
of the four nodes represents the number of patents from that decade. The colour, meanwhile,
represents the relative share of forward citations received within the KIO. The relative width
of the edges illustrates the share of forward citations made by the originating node (with the
arrow pointing towards the cited node).

This figure illustrates three things. First, as one would expect based on Figure[d] although
the number of patents increases as one moves forward in time, the share of forward citations
is greatest in the 00s. This is potentially because, although numerous, patents from the
10s have yet to reach their full bloom of citations. Second, within-decade citations make
up 42.2% of all citations. Third, as sounds obvious, cited decades tend to come after citing
decades. This seems logical since one can only cite what already exists. That said, there
are a small number of citations where patents cite something from a future decade. These,
however, are infrequent and arise from three situations. First, patents that are in practice
concurrent may have different filing dates due to variations in patent office processing speeds
(i.e. both innovations were created around the same time but the citing application was
processed before the new year whereas the cited patent was processed when the patent office
returned to work). This can lead their reported dates to differ. Another cause of such
“future citations” is our use of families. When later patents in the family cite patents that
the earliest one did not, such a future citation can occur. That said, others are almost
certainly entry errors in PATSTAT (such as the one patent that cited another which did not

18Note that these use all patents in the denominator, regardless of whether they themselves cite or are
cited.
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come out for another 39 years). Nevertheless, the tendency to cite only concurrent and past
patents contributes to the overall sparsity of the KIO.

3.2 Countries

Next we aggregate across time and technologies and focus exclusively on the country dimen-
sion of the KIO. In Table |3| we provide totals on the number of patents (both all and just
granted ones), the number of backward and forward citations, and the average number of
citations each country’s patents receive. Several lessons can be learned from this table.

First, China makes up the largest share of patents, followed by the US, Japan, and
Korea. This is not true, however, when considering just granted patents where China falls
to a virtual tie with Korea. Second, the US is an outlier in terms of the number of citations,
both forward and backward, a pattern also noted by Ayerst, et al. (2023). Looking to the
average number of citations, we see potential cause of this — American cite often and, as
shown in a moment, tend to cite themselves. This, combined with the large number of US
patents results in a large number of US citations. The other English-speaking nations also
have rather high average citations. The Asian nations, however, tend to have few citations,
particularly the Chinese. Again, part of this is largely driven by missing data. Finally,
note that the Rest of the World makes up only 5.2% of patents, 6.3% of forward citations,
and 7.5% of backward citations. Thus, while some information is lost by combining other
countries into this catch-all category, we retain the bulk of cross-country variation while
keeping the KIO a manageable scope.

Another interesting takeaway from Table [3]is the difference between the average forward
and backward citations. While some countries such as the US and China have similar aver-
ages across the two, the British, Japanese, and to a lesser extent the Canadian patents have
more forward citations that backward ones. This suggests that they tend to “contribute”
more as inputs in the KIO compared to their outputs. The reverse is true for Switzerland
and the RoW.

Figure [7] again uses the bilateral citation information to portray the KIO as a network.
As before, node size indicates the relative number of patents and the colour indicates the
relative share of forward citations. Edges, meanwhile, indicate the number of citations with
the arrow pointing from the cited to the citing node. One feature of this figure is the role
of within-country citations. These make up 56.1% of citations. As noted above, this is
particularly relevant when considering US citations although this is admittedly somewhat
difficult to see.

In order to focus on cross-country citations, Figure |8 omits the within-country citations
when illustrating the network. This highlights the role of the US both as an input to other
nation’s patents and as a country that builds from theirs. In particular, the US-Japanese
relationship is sizeable. China, on the other hand, has relatively weak international linkages
despite its large number of patents. This suggests that, despite being a significant player
in global value chains for goods production, it lags in terms of its significance in the global
chain of knowledge production.
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3.3 Technologies

In this section, we again aggregate by time and country to look just at the patterns across
technological fields. We further aggregate to the one-digit technology code in order to sim-
plify discussion. In Table [ we list the number of patents, granted patents, forward and
backward citations, and the average number of citations per patent. From this, several
features are observed. First, there are far more patents in Electricity and Physics, with
Operations and Transport in a nearby third place. As might be expected, the same holds
for their citation counts. as compared to the other broad classes. Such differences are less
pronounced when looking to average citations, although the averages is highly correlated
with the total number of patents. Another notable feature of Table [4] is that, unlike when
considering citations across countries, there is little difference between the forward and back-
ward averages. This is unsurprising given the large share of within-class citations, meaning
that within each technology, most of its forward citations are also its backward citations
(since both the citing and cited patent are in the same class).

In Figure [0 we once again present the KIO as a network. To aid in examination, this
aggregates the KIO from three to one-digit technology codes. As seems plausible, within-
technology citations are the bulk of citations, making up 70.8% of citations. To focus atten-
tion on the cross-class citations, Figure [L0[ drops the within-class citations. Here, the most
notable feature is that technology classes G and H rely heavily on one another.

4 Conclusion

As is well accepted, knowledge begets knowledge. To understand this phenomenon, and its
relationship to global value chains for goods and other economic outcomes, it is necessary
to develop a tool to describe the inter-relations of innovation across time, borders, and
technological classes. In this paper, we describe one such method — the use of patent and
citation data to create a Knowledge Input-Output (KIO) table. We do so for forty years of
data on global patenting activity, providing details for the ten most active innovators from
1980-2019 across 131 technological classes. We also provide some stylized facts regarding
innovative activity and knowledge flows as embodied by patent data. It is our hope that
this KIO works in much the same way as the phenomenon it studies, namely that it builds
on the existing work on innovation and serves as a springboard for further research.
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Figure 3: Patents Filed by Year
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Figure 5: Average Citations by Year
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Figure 6: Citation Network Across Decades
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Notes: Size and colour of nodes indicate the number of citing patents. Size of edges indicate
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Figure 7: Citation Network Across Countries
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Figure 8: Citation Network Across Countries Omitting Within-Country Citations
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Figure 9: Citation Network Across Technology Classes

Notes: Size and colour of nodes indicate the number of citing patents. Size of edges indicate
number of citations. Arrows run from the citing node to the cited node.

Figure 10: Citation Network Across Technology Classes Omitting Within-Class Citations

Notes: Size and colour of nodes indicate the number of citing patents. Size of edges indicate
number of citations. Arrows run from the citing node to the cited node.
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