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Abstract

This study investigates the localization of establishment-level knowledge creation by using
data from the Japanese patent database. Using distance-based methods, we obtained the
following results. First, Japanese patent-creating establishments are significantly localized at
the 5% level, with the range of localization at approximately 80 km. Second, localization
was found for all patent technology classes, while the extent of localization differs among
the classes. Third, the extent of localization is stronger in more creative establishments, in
terms of both the number of patents created and the number of citations. These results
suggest that geographical proximity is important for knowledge spillover regardless of the
concerned technology and that creative establishments require external knowledge.
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1. Introduction

Knowledge creation is a major driver of the growth of modern economies, and knowledge spillovers and
idea exchanges are crucial for knowledge creation. Since Marshall (1890), it has well been recognized that
geographical proximity enhances knowledge spillovers and idea exchanges, which causes industrial

agglomeration.

Several preceding studies have examined the localization of knowledge spillovers using patent citation
(Jaffe et al., 1993; Thompson and Fox-Kean, 2005; Murata et al., 2014) and inter-organizational collaboration
(Inoue et al.,, 2013) as a proxy for knowledge spillovers. These studies suggest that firms should promote

the geographic concentration of their R&D laboratories in order to facilitate knowledge spillover.

On the other hand, localization of knowledge creation has been examined in previous studies. Carlino et al.
(2012) found that R&D laboratories are geographically localized, relative to the overall geographic
distribution of manufacturing employments. They used address information of R&D laboratories from
Directory of American Research and Technology, and found that for most of the industries, R&D
laboratories are significantly localized relative to the overall manufacturing activities. However, they only
focus on the limited states in the US, and spatial distribution of manufacturing industry might not be
appropriate reference for R&D activities because firms other than the manufacturing industries also

conduct R&D.

With this background, this study investigates the localization of Japanese patent creations. We utilize the
entire patent database of Japan, and capture the geographical features of all patent-creating establishments
comprehensively in Japan. A convention in the Japanese patent system allows us to analyze
establishment-level localizations in patent creation. In Japan, inventors register the address of the
establishments to which they belong. This convention gives us information on establishment-level patent

creation and comprehensive geographical features of patent-creating establishments.

To investigate the localization of patent-creating establishments, we conduct a distance-based analysis, as
developed by Duranton and Overman (2005). This approach focuses on the distribution of bilateral
distance between pairs of establishments and is, therefore, free from the problems of administrative
boundaries. The critical idea is to compare the distribution of bilateral distances with the counterfactual
distributions generated by a random allocation of establishment locations to all the potential sites. This
method allows us to evaluate the extent of localizations based on the deviation from random location
assignments. For the potential sites of patent-creating establishments, we use all establishments of all

industries in Japan.



We obtain the following results. First, locations of patent-creating establishments are significantly localized
at the 5% level, with the range of localization being approximately 80 km. Second, localization was found
for all patent technology classes, while the extent of localization differs among the classes. Third, the extent
of localization is stronger in more creative establishments, in terms of both the number of patents created
and the number of citations. This implies that highly creative establishments require external knowledge
from other establishments. These findings suggest that knowledge spillovers would be an important

determinant of agglomeration of economic activities, especially in more creative establishments.

The rest of this paper is organized as follows. In the next section, we introduce the dataset and
identification of patent-creating establishments. Section 3 describes the empirical strategy based on the
micro geographic information of each establishment. Section 4 presents our baseline results and differences
in technology. Section 5 focuses on the differences in creativity of establishments. Next, Section 6

investigates the robustness of our result. Finally, Section 7 concludes the paper.

2. Data

We utilize the Institute of Intellectual Property (IIP) patent database (Goto and Motohashi, 2007) that
includes all the patent publications (the Patent Gazette) in Japan. This database includes basic patent
information, like patent ID, publication date, names and addresses of applicants, and name and addresses
of inventors. The database also includes citation information on each patent, such as the number of times

the patent has been cited. From this database, we use all the patents published from 1993 to 2008.

This study focuses on the localization of patent-creating establishments. We identify the patent-creating
establishments from the patent database, taking advantage of a convention of the Japanese patent system
where inventors register the address of the establishments to which they belong as “inventors address”

(Inoue, Nakajima, and Saito, 2013).

Here, we describe the algorithm how to identify the patent-creating establishments from our patent
database following Inoue, Nakajima, and Saito (2013). First, firms are identified by name and address of
applicants. Here, we define the firm as an applicant whose name includes the term “company limited,” or
“kabushikigaisha” in Japanese. This definition simultaneously excludes all relatively small firms, such as
private limited companies. Second, the patent-creating establishments are identified as follows. We check
whether the firm’s name is included in the inventor’s address. Then, we consider the inventor’s address

with the firm name as the address of the establishment owned by the firm.

Using this identification method, we get the following information. Table 1 gives the summary of the
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dataset. The dataset includes 1,967,361 patents and 1,189,262 are applied for by establishments. The number

of firms as applicants is 56,592 and the number of patent-creating establishments is 74,452.
[Table 1 here]

Furthermore, our analysis requires potential sites where the patent-creating establishments can be located.
We assume that patent-creating establishments can be located at every site where all establishments of all
industries are located. To obtain information on the location of establishments of all industries, we use
micro data of the Establishment and Enterprise Census. This database includes the address and number of
employment information. Then, we convert the establishments' address into a latitude and longitude

format.!
3. Empirical Strategy

In order to examine the localization of patent-creating establishments, we apply Duranton and Overman’s
(2005) distance-based approach. Intuitively, we first calculate the distribution of bilateral distances between
every pair of patent-creating establishments, and then, compare the distribution with the counterfactual

distributions generated from the random assignment of locations from potential sites.
3.1. K-density approach

We now describe how to measure the localization of patent-creating establishments by the K-density
approach in detail. First, we estimate the distribution of bilateral distances between every pair of

patent-creating establishments.

Let n be the number of establishments that have applied for at least one patent, and we have n(n —1)/2
number of unique bilateral distances in the patent-creating establishments. Next, let d;; be the great circle
distance between patent-creating establishments i and j. The estimator of the density of bilateral

distances at any point d is

~ ~ 1 n-1 n d— dij
K(d) - m2i21 2j:i+1f<T>’

where h is the bandwidth, set as the optimal bandwidth as proposed by Silverman (1986), and f is the

Gaussian kernel function.

1 We use geocoding service provided by the Center for Spatial Information Science, the University of Tokyo.
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3.2. Counterfactual distribution and statistical testing

Overall economic activities (all establishments) have a tendency to agglomerate. To precisely detect the
patent-creating establishments localization, we need to control for the localization of the overall economic
activities. To do so, we generate a counterfactual distribution of locations for patent-creating
establishments where establishments randomly choose their locations from all the potential sites as
reference, and then, compare the actual localization of patent-creating establishments with the
counterfactual localization. We consider the site of establishments of overall industries as potential sites for

patent-creating establishments.

To test the localization of patent-creating establishments, we construct a two-sided confidence interval,
with 95% of the K-densities based on randomly chosen counterfactual locations within the interval bands.
To be more specific, we randomly choose n sites from the potential sites and estimated the K-density in
the counterfactual situation. By iterating this trial 1,000 times, we can construct confidence bands. Then, we
calculate the global confidence bands, i.e., an upper confidence band KY(d) and a lower confidence band
Kt (d), so that 95% of the 1,000 randomly drawn K-densities are within the bands over the entire distance

range, which, in our case, is 0-180 km.

Hence, we obtain the upper and lower global confidence bands KY(d) and K%(d), respectively. If
K(d) > KY(d) for at least one d € [0, 180], collaboration relationships can be defined as globally localized
at the 5% level.

To discuss the extent of localization, following Duranton and Overman (2005), we define the index of
localization as follows:

r= > max(R(d)-K(),0}
dej0,180]

4. Baseline results

4.1. Baseline results

Figure 1 shows the baseline result. The solid line in the figure represents the K-density and the dashed lines
represent the global confidence bands. For every distance within the 0-80 km range, the K-density is above

the upper global confidence band. Thus, we consider the patent-creating establishments to be localized in



the 0-80 km range2. We conclude that the patent-creating establishments are significantly localized relative
to overall establishments. This implies the importance of knowledge spillovers as a driving force for
agglomeration.

[Figure 1 here]

4.2. Differences in Patent Technology Classes

The baseline analysis pools all establishments that apply for patents regardless of their patent technology
class. The extent of localization, however, might be different across patent technology classes.
Establishments that create sophisticated, high technology patents would be more localized in order to
pursue more knowledge transfers. To grasp this difference across patent technology classes, we repeat the

analysis by patent class.

Our K-density estimator is modified for the technology-level analysis. Let S# be a set of establishments
that have applied for at least one patent in the patent technology class A € A, where U represents a set of
patent technology classes. Let ny be the number of establishments having patents in the patent technology
class A. Similarly, let d;; be the great circle distance between establishments i and j in the set § 4. The

estimator of the density of bilateral distances at any point d for patent technology class 4 is

1’{-1\4 d 1 nA_1 ny d —_ dl]
()= na(ng — 1)hzi:1 Zj:iﬂf h )

For the counterfactual distribution, similar to the baseline analysis, we consider the site of every

establishment as a potential site for patent-creating establishments in the patent technology-class A € .

To denote patent-technology class, we use the first-three letters in the International Patent Classification

(IPC). This classification includes a total of 120 patent-technology classes in our dataset.

Figure 2 shows the number of patent technology classes that are localized at each distance. In the range of
0-60 km, all 120 patent classes are localized. Then, after 60 km, the number of localized patent classes

declines gradually. This pattern is quite similar to industrial localization in the manufacturing industry

2 Range of localization is 40 km for firm-level industrial localization (Nakajima, Saito, and Uesugi, 2012a), 40km for inter-firm
transaction localization (Nakajima, Saito, and Uesugi, 2012b), and 100 km for inter-establishment collaboration localization (Inoue,

Nakajima, and Saito, 2013).



(Duranton and Overman, 2005; Nakajima et al., 2012)3.
[Figure 2]

Next, we investigate the differences in the extent of localization among patent technology classes in detail.
Table 2 shows the top 10 patent technology classes in terms of the extent of localization, I'. Most of the
patent technology classes in the table are high-tech industries, such as Aircraft; Aviation; Cosmonautics
(IIP B64), etc. Table 3 shows the bottom 10 patent technology classes. In this table, the patent technology
classes are low-tech industries, such as Butchering; Meat Treatment; Processing Poultry or Fish (IIP A22),
etc. These tables suggest that the establishments in higher-technology industries may require more

advanced knowledge transfers.

[Tables 2 and 3]

5. Differences in Establishments Creativity

We now consider the differences in establishments creativity. In the baseline analysis, we treat each
establishment as homogeneous. However, establishments are heterogeneous in terms of their patent
creativity. The number of patent created by each establishment extremely differ among establishments and
each patent has different impact or quality. Importance of knowledge spillovers might be different
depending on establishments creativity, resulting in different geographical pattern of establishments
location. In order to examine this differences, we repeat the similar analysis after including establishments

heterogeneity as in Duranton and Overman (2005).

Our new estimator of the K-density function is as follows,

. 1 L w g (3T i
K(d)_hZ’-“l - 1w(i)w(/')zi:1 Zj:iﬂw(t)w(])f( h )

i=1 &j=i+

where w(i) is the weight on creativity for establishment i. We consider the two measures for
establishment creativity, the number of patent created and the number of total citations.. The former

measure can be interpreted as creativity in terms of quantity and the later one in terms of quality

3 Half of the industries are localized within 0-60 km, then the number of localized industries starts declining gradually. Note that
localization of location is examined relatively within manufacturing industries, which leads to small ratio of localized industries

compared with our analysis.



Figure 3 shows results in terms of quantitative creativity, i.e., the number of patents for the weight. The
solid line in the figure represents the K-density weighted by the number of patents created, and dashed
lines represent the global confidence bands. For every distance within the 0-80 km range, the K-density is
above the upper global confidence band. Thus, we consider the location to be localized in the 0-80 km

range, even if we weight each establishment by the number of patents created.

We also show the baseline K-density (without weighting) by the dotted line in the figure. Then, we clearly
find that the weighted K-density is above the non-weighted K-density within a 0-50 km range.* That is,
establishments that create more patents are more localized. This implies that establishments that require
more knowledge transfers are more localized, or the greater concentration of establishments benefits the

creativity of each establishment located in the area through larger knowledge transfers.

[Figure 3 here]

Next, we focus on qualitative creativity (Figure 4). The solid line in the figure represents the K-density
weighted by the total number of patent citations, with dashed lines representing the global confidence
bands, and the dotted line representing the baseline K-density. We obtain a similar result to previous
results weighted by the number of patents created. In the close range (0-80 km), establishments are
localized, and the weighted K-density is more localized than a non-weighted one. Even if we use patent

quality as a measure of the establishments creativity, creative establishments are more localized.

[Figure 4 here]

6. Robustness

One may concern that our results on the localization of more creative establishments may come from the
establishment size. That is, larger establishment might be more creative in terms of both quantity and
quality, and lager establishments might be more geographically concentrated. Another concern is that

patent creating establishments might be larger than the non-patent creating establishments. In these cases,

4 The comparison between weighted and un-weighted distribution can be tested empirically. Under the null hypothesis that all of
the patent creative establishments have the same tendency to localize, we can construct confidence interval bands by a Monte Carlo

simulation similar to the baseline analysis.



stronger localization in patent-creating establishments may be caused by the greater concentration of larger
establishments, and it does not necessarily represent the importance of knowledge transfers. To check this
concern, we generate a counterfactual random distribution by weighting it by the establishment’s size of

employment.

Figure 5 shows the results. The solid lines in the figure represent the global confidence bands weighted by
the employment size, and the dashed lines represent the global confidence bands without weighting.
Indeed, weighted confidence bands are above the non-weighted confidence bands within the 0-60 km

range. That means that larger establishments are more localized.

[Figure 5 here]

Next, we confirm the effect of this difference of localization in terms of establishment size on our results.
Figure 6 shows the results that use employment-size weighted K-densities as the counterfactual
distributions. Panel (a) in Figure 6 shows the baseline result. The actual K-density is not weighted and the
same as the K-density in Figure 1. Qualitatively, the result is unchanged. Patent-creating establishments are
localized in close proximities. That is, localization of patent-creating establishments is significant even if we
control the size of establishments in reference. Note that the extent of localization in terms of I' is smaller
than the baseline result in Figure 1. That is, the extent of localization in patent-creating establishments

partially includes establishments size-effects.

Panels (b) and (c) in Figure 6 show the results on the weighted K-density by the number of patents created
and total number of patent citation, respectively. Results are similar to the baseline results, while the
weighted results are less localized. Even after controlling for establishments size as counterfactual, the
extent of localization is still stronger in more creative establishments as shown in differences of these

panels (Panels (b) and (c)) from Panel (a).

[Figure 6 here]

Finally, we consider the differences between industries. Overall tendency of localization might be different
between manufacturing and other industries. Then, we consider the possibility that manufacturing
industries tend to create more patents and that localization of the patent-creating establishments comes
from the localization of manufacturing industries. To control this possible tendency, we calculate
counterfactual distributions by restricting samples to manufacturing establishments and weight them by

the number of employees.



Figure 7 shows the results. The solid lines in the figure represent the global confidence bands after
restricting the sample to the manufacturing establishments weighted by employment size, and dashed
lines represent the global confidence bands by overall industries weighted by employment size. Indeed,
confidence bands of manufacturing establishments are above confidence bands of other industries by a

range of over 20 km, but they have almost similar shapes. Bias from industry difference would be small.

[Figure 7 here]

Next, we confirm the effect of this difference in localization in terms of industries on our results. Figure 8
shows the results that use K-densities by manufacturing establishments as compared to the counterfactual
distributions. Panel (a) in Figure 8 shows the baseline result. The actual K-density is not weighted and is
the same as the K-density in Figure 1. Panels (b) and (c) in Figure 8 show the results on the weighted
K-density by the number of patent created and the total number of patent citation, respectively. Results are

similar to the baseline results.>

[Figure 8 here]

7. Concluding Remarks

This study investigates the localization of patent-creating establishments in Japan. Using Duranton and
Overman’s (2005) K-density approach, we found the following results. First, Japanese patent-creating
establishments are significantly localized with the range of 0-80 km. Second, localization was found for all
patent technology classes, while the extent of localization differs among the classes. Third, the degree of
localization is stronger in more creative establishments, in terms of both quantity and quality. Finally, these

findings are robust when controlled for the size of the establishment and industry effects.

These results suggest that geographical proximity is important for knowledge spillover regardless of
concerned technology and that creative establishments require external knowledge. Further, it is suggested
that knowledge spillovers are an important determinant of agglomeration of economic activities, especially

for creative establishments.
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Table 1: Data summary

Number of patents 1,967,361
Number of patents applied for by establishments 1,189,262
Number of applicants (Firms) 56,592
Number of establishments 74,452

Table 2: Top 10 patent-technology classes in localization

Rank IPC Technology-class Gamma
1 B64 Aircraft; Aviation; Cosmonautics 0.348
2 G07 Checking-Devices 0.346
3 G04 Horology 0.329
4 G06 Computing; Calculating; Counting 0.315
5 HO3 Basic Electronic Circuitry 0.313
6 G11 Information Storage 0.312
7 H04  Electric Communication Technique 0.306
8 G12 Instrument Details 0.295
9 B42 Bookbinding; Albums; Files; Special Printed Matter 0.290

10 B43 Writing or Drawing Implements; Bureau Accessories 0.287

Table 3: Bottom 10 patent-technology classes in localization

Rank IPC Technology-class Gamma
1 A22 Butchering; Meat Treatment; Processing Poultry or Fish 0.000
2 C06 Explosives; Matches 0.031
3 B27 Working or Preserving Wood or Similar Material; Nailing or Stapling Machines In General 0.058
4 A24 Tobacco; Cigars; Cigarettes; Smokers’ Requisites 0.083
5 C21 Metallurgy of Iron 0.086
6 F26 Drying 0.094
7 F22  Steam Generation 0.094
8 C05 Fertilisers; Manufacture Thereof 0.096
9 B22 Casting; Powder Metallurgy 0.096

10 B02 Crushing, Pulverising, or Disintegrating; Preparatory Treatment of Grain for Milling 0.105
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Figure 1: Result of the baseline analysis
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Figure 2: Number of localized patent classes in each distance
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Figure 4: Results weighted by average number of patent citations

13

180




0.0025

0.002
0.0015
0.001
0.0005
0
0 20 40 60 80 100 120 140 160 180
Distance (km)
Figure 5: Confidence bands weighted by employment size
0.007
0.006
0.005
0.004
0.003
0.002
0.001
0
0 20 40 60 80 100 120 140 160 180
Distance (km)
(a) Baseline
0.01 0.012
0.009
0.008 0.01
0.007 0.008
0.006
0.005 0.006
0.004
0.003 0.004
0.002 0.002
0.001
0 0
0 20 40 60 80 100 120 140 160 180 0 20 40 60 80 100 120 140 160 180
Distance (km) Distance (km)
(b) Weighted by the number of patents (c) Weighted by number of citations

Figure 6: Results with weighted confidence bands by establishment size
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Figure 7: Confidence bands (Overall vs. manufacturing industry)
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Figure 8: Results with confidence bands in manufacturing industry
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