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on whether research and development (R&D) leads to innovation that cannot be
captured by focusing on the amount of R&D investment alone. In addition, we find
that while higher R&D investment is associated with new innovation, the efficiency
of R&D investment in Japan has decreased in recent years. Such a decrease in the
efficiency of R&D investment has been reported not only for Japanese firms but
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Introduction

What is the driving force of economic growth? This is an important question that has
been discussed by researchers and policymakers for about a century. The simplest
answer is that innovation drives economic growth.1 In recent years, new technologies
such as the internet of things (IoT) and artificial intelligence (AI) have been making
rapid advances and the importance of innovation is increasingly recognized around
the world. Against this backdrop, firms have been aggressively increasing investment
in research and development (R&D).
As shown in Figure 1, R&D investment in Japan has generally followed an upward
trend despite some temporary drops such as after the 2008 global financial crisis.
Increases in R&D investment are expected to lead to increases in the productivity
of Japanese firms in the future. Therefore, in order to forecast the future path of
the Japanese economy, it is important to examine to what extent R&D investment
results in innovation and improves firm productivity.
However, despite considerable efforts, researchers have not reached a consensus
on how innovations occur and how they should be measured. Therefore, to examine
innovation in Japan, we approach the topic from a variety of angles. In particular, we
first examine developments in Japan by constructing proxy variables for innovation
by Japanese firms. Further, we examine the extent to which innovation affects firms’
productivity using panel data for Japanese firms. Finally, by analyzing to what
extent recent R&D activities in Japan’s manufacturing industries have contributed
to innovation, we consider the impact of R&D activities by Japanese firms on future
economic growth.
Specifically, our analysis consists of the following three steps. First, following
the existing literature, we calculate two indicators—based on patent citations and
R&D investment—as proxies to measure the knowledge and innovations held by
firms. (Details of how the two indicators are calculated are provided in Section
2.) We find that while the indicator based on the R&D investment has remained
more or less unchanged, the indicator based on patent citations (referred to as the
“citation stock” hereafter) has been declining since the mid-2000s. Second, in the
manufacturing sector, the citation stock has explanatory power with regard to firms’
productivity, while the R&D stock does not have any additional explanatory power
given the citation stock. This implies that the information on citations has more
significant explanatory power with regard to firms’ innovations than the R&D stock
1

Since Schumpeter (1912) first highlighted the importance of innovation in economic growth,
a growing number of researchers and policymakers have regarded innovation as the key driver of
economic growth. Based on growth theory, we can decompose the growth rate in GDP per capita
into changes in the capital-labor ratio and the technology level. In this study, we regard innovation
as a factor that changes the technology level. See Hirata (2012) for details.
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and that the citation stock includes information about the success or failure of R&D
investments.
Furthermore, we estimate an econometric model of innovation in which the citation stock is the dependent variable and R&D investment is an explanatory variable.
The estimation results indicate that the efficiency of R&D investment has been declining since the 2000s. Such a long-term trend of a decline in R&D investment
efficiency has been reported not only for Japan but also for other countries including the United States (Gordon, 2016; Bloom et al., 2020). In other words, the decline
in R&D investment efficiency is not unique to Japan.
Patent data are widely used in the United States and Europe for measuring
social innovation, and analyses using relatively large-scale data can be traced back
to the 1960s (see, e.g., Scherer, 1965, and Schmookler, 1966). Since then, a large
body of research has sprung up linking patents to changes in the economic value of
individual firms and to macroeconomic productivity as well (Pakes and Griliches,
1980; Griliches, 1981, 1984, 1998; Jaffe et al., 1993; Bloom and Van Reenen, 2002;
Lanjouw and Schankerman, 2004; Hall et al., 2005; Bloom et al., 2013; Kogan et
al., 2017; Kline et al., 2019). This proliferation of studies was greatly aided by
Hall et al. (2001), who prepared and published patent data for the United States
in a form that can be used for statistical analysis. In contrast, economic analyses
using patent data for Japan have been limited, since Japan has been lagging behind
in the availability of patent data that can be used for statistical analyses. Such
data became available in 2005 with the release of the “IIP Patent Database” by the
Institute of Intellectual Property, which opened the door for quantitative analyses
on Japan (Goto and Motohashi, 2005). In this study, we will examine recent trends
in innovation by Japanese firms using the same dataset, which we updated with
more recent data.
What is more, a growing number of studies for the United States and Europe
show that, among the various types of patent data, data on patent citations yield
particularly robust results (Trajtenberg, 1990; Harhoff et al., 1999; Bloom and Van
Reenen, 2002; Lanjouw and Schankerman, 2004; Hall et al., 2005). Similarly, for
Japan it has been recently shown that information on patent citations provides a
useful measure of the economic and scientific value of inventions (Yamada, 2009;
Jibu and Osabe, 2014; Yasukawa, 2015, 2017). However, there are few studies
that comprehensively examine the relationship between R&D investment and firm
productivity using Japanese patent data from 2000 onward. Since many researchers
regard the low growth rate of the economy during the period to be attributable to
the low productivity growth of Japanese firms, it is of great significance to examine
the link between innovative activity and firm productivity using patent data for the
Japanese economy.
3

The remainder of this study is organized as follows. Section 2 explains how we
calculate our proxy variables for innovation based on patent citation information and
R&D investment, and presents the results using Japanese data for the period from
the 1980s onward. Section 3 then examines the relationship between the calculated
citation stock and firms’ productivity. Next, Section 4 analyzes the relationship
between innovation as measured by the citation stock and R&D investment, while
Section 5 examines the reasons for the decline in the efficiency of R&D investment.
Finally, Section 6 concludes and outlines topics for future research.

2

Patent Data and Innovations

This section explains how we use patent information as a proxy for innovation and
provide an overview of innovation trends in Japan since 1980. We also calculate
an indicator using R&D investment, which is often used as a proxy variable for the
accumulation of new knowledge in companies and the economy.

2.1

Patent data and R&D investment as proxies for innovation

As mentioned, the importance of innovation as a source of growth for the macroeconomy has been recognized since the early 1910s. However, since innovation cannot
always be directly observed, it is difficult to quantitatively capture and evaluate.
Against this background, studies in the United States and Europe have frequently
used patent data to measure innovation. The underlying idea is that if an invention
has economic value, firms and individuals are likely to apply for a patent. Therefore,
investigating a firm’s patent holdings makes it possible to assess its accumulation
of innovations. In addition, using patent data makes it possible to understand the
importance of innovation by examining the relationship between patents and firms’
value and/or productivity.
Another frequently used approach is to employ R&D investment. The approach
is based on the idea that R&D investment leads to the accumulation of knowledge,
which in turn increases firms’ productivity through product and process innovation.
Further, based on the idea that R&D investment contributes to production over
a period of time, researchers have regarded R&D investment as a type of capital
investment and have introduced the concept of “R&D stock” akin to capital stock,
which yields capital services over time.2 In fact, based on the idea that R&D in2

Researchers focusing on the R&D stock include, for example, Corrado et al. (2009), who showed
that intangible assets, including R&D stock, are a key factor in explaining labor productivity
growth in the United States. Meanwhile, examining the link between firms’ R&D stock on the one
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vestment is useful for future production activities, it is included in Japan’s SNA
statistics as one of the components of total fixed capital. Based on these considerations, we construct (1) a proxy variable for the accumulation of new knowledge using
patent information and (2) an indicator based on the amount of R&D investment.

2.2

Overview of the Japanese patent system

Before calculating the proxy variables for innovation, we provide an overview of the
Japanese patent system. Japan’s patent system is designed to protect the most
advanced technical ideas that make use of the laws of nature. Article 1 of the
Patent Act states: “The purpose of this Act is, through promoting the protection
and utilization of inventions, to encourage inventions, and thereby contribute to
the development of industry.” The Patent Act is one element of the institutional
framework for protecting intellectual property rights and stipulates that the rights of
the inventor are protected for 20 years from the filing of the application. The Japan
Patent Office publishes patent applications 18 months after they have been filed, and
applicants need to make a request for examination within 3 years of the submission of
the application. If the patent application is approved upon examination, the patent
will be registered. Meanwhile, if a patent application is refused by the examiner of
the patent office, the applicant can appeal or amend the application to address the
reason for refusal. Figure 2 shows that while the number of applications peaked in
the first half of the 2000s and has been on a gradual downward trend since then,
the number of registrations has been on an increasing trend since 2000.3

2.3

Information on patent citations

This section explains how we measure the value of technology that is protected by
patents using information on patent citations. In a patent application, the applicant
may cite another patent, or the examiner may cite another patent as a reason for
refusal.4
As mentioned, there have been a number of studies on the usefulness of such
information on patent citations. Following these studies, we measure the value of a
hand and their market value and productivity on the other, Bloom et al. (2013) showed that there
are positive spillover effects from the R&D investment of other firms that are similar in terms of
their technology. As for Japan, Nagaoka (2006), Fukao et al. (2009), Motohashi (2009), and Tonogi
and Tonogi (2016) examined the impact of R&D stock on productivity using Japanese data.
3
Since, as described, there is a lag from the time an application is submitted until a patent is
registered, many patents filed after 2015 were still not registered at the time we obtained our data
(April 2019). This is the reason why the number of patent registrations in Figure 2 systematically
declines from 2015 onward.
4
The fact that a patent is frequently cited as a reason for refusal suggests that the invention in
that patent is pathbreaking and likely to be useful for other uses.
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patent using the number of other patents citing it (referred to as “forward citations”).
That is, we regard the technology in patents that are frequently cited in other patents
as versatile and having a high utility value.
Specifically, we count the number of times that a firm’s patents are cited in other
patents. That is, we calculate the cumulative number of citations (CIT Ej,T ) for T
years after the filing of patent j as follows:
CIT Ej,T =

t+T
X

citejτ ,

τ =t

where t is the year in which patent j was filed, and citejτ is the number of times
patent j was cited in τ . If T = ∞, the number of lifetime citations of patent j can
be calculated. However, a problem with this approach is that, by definition, it may
result in a low cumulative number of citations for patents filed at the end of the
observation period. To address this problem, previous studies such as Bloom et al.
(2013) use the number of citations for a certain period after a patent application
has been filed. Similarly, we set T=5.5 To examine the actual pattern of citations in
Japan, Figure 3 plots the frequency of citations against a timeline using patent data
from January 2000 to December 2009. The figure shows that the number of citations
peaks about two years after the application and that about 80% of citations occur
within five years.
In order to link the calculated number of citations for each patent to firm-level
data such as firms’ productivity and corporate value, the patent data for each firm
is then aggregated as follows (omitting subscript T for simplicity) to obtain the
firm-level “citation flow” (CITEFLOW):
CIT EF LOWit =

X

CIT Ej ,

j∈Jit

where Jit is the set of patents filed at time t by firm i. CITEFLOWit calculated
using the above formula is regarded to represent the value of the entire patents filed
by firm i in year t.
5

To check the robustness of our results, we also used three years (T=3), but the main results
remained qualitatively unchanged.
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2.4

Calculation of patent citation stock and R&D stock

Next, based on the idea that it is the stock of innovations that underpins a firm’s
corporate value and productivity, we calculate the citation stock for firm i as follows:
CIT EST OCKit = CIT EST OCKit−1 (1 − δc ) + CIT EF LOWit ,
where δc represents the depreciation rate of assets. Following previous research, we
set δc = 0.3.6
Another variable widely used in previous research to represent innovative activity
is the R&D stock, which is calculated as follows based on R&D investment flows:
R&DST OCKit = R&DST OCKit−1 (1 − δR ) + R&Dit ,
where δR is the depreciation rate of R&D stock, which is set to 0.15 following previous
research,7 and R&Dit is real R&D investment obtained by deflating nominal R&D
investment using the GDP deflator.
We use the patent citation stock and the R&D stock as two alternative variables
to gauge knowledge accumulation within the firm through R&D activities. However,
the two differ in that patent citations can be regarded as measuring the output of
R&D activities, while the R&D stock can be regarded as measuring the input of
resources into R&D activities, as Lanjouw and Schankerman (2004) pointed out. It
should further be noted that the R&D stock can be calculated only for firms that
disclose their financial information. In contrast, the citation stock can be calculated
for all patent-holding firms, since patent information is in the public domain. That
said, since information on patents is released only one and a half years after an
application has been filed, the data are available only with a lag. Furthermore,
firms do not apply for a patent for all inventions.

2.5

Developments in firms’ citation stock and R&D stock

Next, we calculate the citation stock and R&D stock based on the approaches just
described.
To calculate the patent citation stock, we use the “IIP Patent Database (2017
version)” provided by the Institute of Intellectual Property. However, since this
database does not contain data for the period after 2017, we combine it with another
database (PatentSquare), which includes all patent data available as of October
6

Yamada (2009) estimates the depreciation rate δc based on Japanese patent renewal data and
shows that it is approximately 0.3.
7
As a robustness check, we also set δR = 0.3. However, doing so did not affect the estimation
results and conclusions of our analysis.
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2019. To be able to compare developments in firms’ citation stock with firms’
R&D stock, we focus on firms listed on the first and second sections of the Tokyo
Stock Exchange, for which financial information on their R&D expenditure can be
obtained. Firms’ financial information is taken from the “Industrial Financial Data”
compiled by the Development Bank of Japan.
Figure 4 shows that the citation stock is higher in the manufacturing sector than
in the non-manufacturing sector, partly because patentable inventions are limited
to those that “use the laws of nature.” In addition, the citation stock in the nonmanufacturing sector has been on a downward trend since the early 1990s, while
that for the manufacturing sector continued to follow an upward trajectory until
the early 2000s. Since then, however, the citation stock in the manufacturing sector
has also followed a downward trend.
Next, Figure 5 shows the citation stock by industry, focusing on the six manufacturing industries most active in R&D that account for most of the R&D investment.
The average citation stock is highest in the transportation equipment and the electric
appliances industries, followed by the chemical and precision instruments industries.
Taking a closer look at developments over time, the citation stock in the transportation equipment industry peaked in the early 2000s and has been on a downward
trend since. On the other hand, that for the precision instrument industry continued to rise until the mid-2000s and then began to decline. Thus, although the
turning points slightly differ across industries, the citation stock overall has been
declining since the latter half of the 2000s.
On the other hand, as shown in Figure 6, the R&D stock overall, calculated based
on R&D investment, remained more or less unchanged over the entire observation
period. However, while the R&D stock in the manufacturing sector has been on a
slight upward trend since the second half of the 2000s, that in the non-manufacturing
sector has been on a more or less consistent downward trend since the early 2000s.
Moreover, the R&D stock in the non-manufacturing sector is considerably lower
than in the manufacturing sector.
Comparing the citation stock and the R&D stock shows that both have been on
a downward trend since the 2000s in the non-manufacturing sector. On the other
hand, in the manufacturing sector, the citation stock has been declining since the
second half of the 2000s while the R&D stock has continued to rise. Although not
shown here, data on the R&D stock by industry show that the continued increase in
the manufacturing sector R&D stock overall largely owes to active R&D investment
in the transportation equipment industry. In the next three sections, we examine
the usefulness of both stocks as proxy variables for innovation by analyzing the
relationship between the citation stock and R&D stock on the one hand and firm
productivity on the other.
8

3

Innovation and Productivity

In this section, we investigate whether our two proxy variables help to explain firms’
productivity level.

3.1

Production function in the baseline model

Previous studies, based on the idea that innovations and new knowledge contribute
to firms’ productivity growth, have incorporated the citation stock and the R&D
stock as factors of production (e.g., Hall et al., 2005; Bloom et al., 2013). Following
these studies, we assume the following Cobb-Douglas production function:
Yit = Ait Kitα Nitγ Lit1−α−γ ,
where Yit is the output of firm i in year t. K, N , and L represent tangible fixed assets,
the innovation stock (citation stock or R&D stock), and labor input, respectively.
Ait is the residual. In this basic production function, what is not explained by N ,
K, or L is called the Solow residual and is often regarded as representing total factor
productivity (TFP). Taking the logarithm of both sides of the above equation yields
the following model, which we use for the estimation:
yit = αkit + γnit + (1 − α − γ)lit + ait ,
where lowercase letters represent the log of the corresponding variables in the equation above. Furthermore, given that the residuals may include unobserved effects
unique to each firm, we include firm fixed effects. In addition, we control for changes
in the macroeconomic environment as follows:
yit = αkit + γnit + (1 − α − γ)lit + Y earF Et + ωi + it ,

(1)

where Y earF Et is the fixed effect for year t. Since model (1) takes firm fixed effects
into account, we do not need to consider time-invariant fixed effects for each industry.
However, to take into account that industry-specific demand shocks may affect
production activities, we also estimate the following model with a time dummy for
each industry:
yit = αkit + γnit + (1 − α − γ)lit + IndustryY earF Eht + ωi + it ,

(2)

where IndustryY earF Eht is the fixed effect at time t for industry h to which firm i
belongs. In this model, common shocks to output in each industry in each year are
controlled for by the fixed effect. The results of estimating models (1) and (2) are
9

presented in Section 3.3.8

3.2

Data

The dependent variable in our estimation is firms’ real gross value added. Specifically, we subtract firms’ intermediate input costs from their sales and convert nominal gross value added into real gross value added using industry-level GDP deflators.
For real tangible fixed capital, nominal tangible fixed assets are converted into real
values using the industry-level capital investment deflators from the Japan Industrial
Productivity (JIP) Database. For labor input, we divide firms’ total salary payments
calculated from their financial statements by the wage index for total cash salaries
from the “Monthly Labour Survey” compiled by the Ministry of Health, Labour and
Welfare.
We set the start of the estimation period to fiscal 2000, from when data on R&D
investment are available. The end is set to fiscal 2012, the last year for which we
can calculate intermediate input costs and the patent citation stock. In addition,
in order to ensure the number of observations is sufficiently large, we use nonconsolidated financial data for individual firms. In our analysis, we focus on the six
manufacturing industries (chemicals, pharmaceuticals, machinery, transportation
equipment, electric appliances, and precision instruments) that have been the most
active in conducting R&D in recent years.

3.3

Estimation results

This section presents our estimation results. Table 1 shows the estimation result
for the production function. We find that the coefficients on tangible fixed capital
input and labor input are generally positive and statistically significant. Note that,
following Bloom et al. (2013), we do not assume that the production function is
homogeneous of degree one, which would imply that the sum of the coefficients is
one.9 Column (1) in the table shows the estimation results for model (1) with the
R&D stock as an explanatory variable. The estimated coefficient on the R&D stock
is positive and significant. Similarly, when the citation stock is used instead of the
8
To address potential endogeneity in productivity shocks, we also estimate the model using
Olley and Pakes’s (1996) approach.
9
The estimation results show that the sum of the coefficients, which indicates the elasticity of
scale, is about 0.7, which is smaller than 1. The fact that the sum of the estimated coefficients
is relatively small may be due to endogeneity in productivity shocks. When we conducted the
estimation using Olley and Pakes’s approach (1996), the sum of the coefficients is around 1, and
qualitatively the same conclusions as those derived from the fixed effects model are obtained. However, since Olley and Pakes’s approach relies on instrumental variables, the number of observations
decreases and the problem of weak instruments arises. This is why in our analysis we focus on the
results of the fixed effects model following Bloom et al. (2013).
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R&D stock, as shown in column (2), the coefficient on the citation stock is positive
and significant.
Next, column (3) shows the results for the model in which both the citation stock
and the R&D stock are added contemporaneously as explanatory variables to model
(1). We find that both coefficients are positive and significant. Finally, column
(4) shows the results for the model shown in equation (2), in which industry- and
year-specific demand shocks are controlled for. The coefficient on the R&D stock is
no longer significant, while that on the citation stock is still positive and significant.
This suggests that the citation stock has greater explanatory power than the R&D
stock in accounting for productivity differences across firms, which is in line with
Hall et al.’s (2005) results using US data. This is also consistent with the results
obtained by Yamada (2009) using Japanese data.
The different estimation results for R&D stock and the citation stock can be
explained by considering what each of the stocks represents with regard to firms’
R&D activities. An increase in R&D stock does not necessarily mean that a firm
generates more innovative products. Rather, the degree to which R&D activities are
successful can change over time depending on the external environment. Therefore,
the relationship between the R&D stock and the number of innovative products is
likely to be unstable. In contrast, firms generally apply for a patent when they
think that an innovation has a high economic value, and only those patents that are
useful for generating other innovations are cited in other patents. In other words,
the number of citations of firms’ patents indicates whether its R&D activities are
successful or not.
To confirm this point from other data, we compare the average growth rate of
the citation stock and that of TFP taken from the JIP Database provided by the
Research Institute of Economy, Trade and Industry (RIETI). Figure 7 shows that
there is a positive correlation between the two. Furthermore, using industry panel
data, we estimate a fixed effects model using the growth rate of TFP as the dependent variable and the growth rate of the citation stock as the explanatory variable.
The result is shown in Table 2 and indicates that the coefficient is positive and
significant. On the other hand, the coefficient on the R&D stock is not statistically significant, since R&D investment was already taken into account as a factor
of production in the calculation of TFP by researchers at RIETI. The estimation
results provide evidence that the citation stock still contains additional information
on productivity even when R&D investment is taken into consideration. That is, the
results imply that the citation stock contains information on the success or failure of
R&D activities that is not captured by focusing on the amount of R&D investment.

11

3.4

Robustness check: An alternative measure of the citation stock

As highlighted in previous studies, changes in the citation stock may reflect changes
in the patent system. To minimize the impact of changes in the patent system
on the citation stock, we use only citations made by patent examiners, since there
do not appear to have been any changes during the estimation period in the rules
concerning the citation of patents by examiners. However, it is possible that the
citation stock may have been affected by other changes in the patent system.
In order to take this into account, we estimate the production function using an
alternative measure of the citation stock.
Specifically, we weight citations by the relative importance of a patent in each
technology class in the International Patent Classification (IPC). 10 That is, the
adjusted citation flow (CIT EF LOW ADit ) of firm i is calculated as follows:
CIT EF LOW ADit =

X

CIT Ej /M EANkj t ,

j∈Jit

where kj represents the IPC classification of patent j, and M EANkj t indicates the
average number of forward citations of patents whose IPC classification is kj . The
number of citations calculated using the above formula is considered to represent the
relative importance of patent j in each IPC classification in each year. Therefore,
even if the average number of citations by examiners varies over the years due to
institutional factors, CIT EF LOW ADit will take a value of around one for patents of
average importance regardless of the year of filing. Using the citation flow calculated
as above, we aggregate the adjusted citation stock (CITESTOCKAD) for each firm
and estimate the production function.
Table 3 shows that the coefficient on the adjusted citation stock (CITESTOCKAD)
is positive and statistically significant, while the coefficient on the R&D stock is not
significant. This result implies that changes in the pattern of citations by examiners
do not affect our findings.

4

R&D and Innovation

This section examines to what extent R&D activities can explain the generation
of innovation, and whether the link between R&D activities and innovation has
10

The IPC, established by the 1971 Strasbourg Agreement, is a technical classification of international patents. It consists of eight major sections from A (human necessities) to H (electricity),
which are further subdivided into classes, subclasses, and groups. We use the 128 classes represented by one letter and two digits.
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changed since the 2000s. As a proxy variable for innovation, we use the patent
citation flow (CITEFLOW), where the number of patents a firm holds is weighted
by the number of their citations.

4.1

Innovation function

Following previous studies (Griliches et al., 1986; Branstetter and Nakamura, 2003;
Lanjouw and Schankerman, 2004, etc.), we assume that firms invest in R&D in order
to generate innovation. Therefore, we formulate the following innovation function:
θ
Controlit Bt ,
N EW Kit = RCi,t

where N EW Kit represents innovation newly created by firm i that can be used for
production activities. RCit represents the resources used as R&D input at firm i at
time t, Controlit represents other control variables, and Bt is the year fixed effect.
Taking the log of both sides of the above equation yields the following:
newkit = θlog(RCit ) + β0 salesit + ρnh IndDumh + Y earF Et + it ,
where newkit is the log of new innovative technologies, N ewkit . IndDumh is a
dummy variable for industry h to which firm i belongs, and Y earF Et is the fixed
effect for year t. Previous studies have pointed out that firm size affects the efficiency
of R&D and therefore added sales to the estimation equation. However, since R&D
investment in the current period does not always lead to innovation in the same
period, we use the following model taking into account the possibility that R&D
investment generates innovation with lag:
newkit =

n
X

θτ ri,t−τ + β0 salesit + ρnh IndDumh + Y earF Et + it ,

(3)

τ =0

where ri,t−τ is the log of real R&D investment, and ri,t−τ = log(RCi,t−τ ). Next, it is
assumed that the patent flow is proportional to the innovations that are produced.
Specifically, the following relationship is assumed:
CIT EF LOWit = µcit N EW Kit .

(4)

The above equation means that we assume that some of the new innovative technologies (µcit ) have been filed as patents and appear in the citation information.
Taking the log of equation (4) and assuming that µcit differs for each industry, we
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can rewrite the above equation as follows:
log(CIT EF LOWit ) = newkit + ρch IndDumh + ηit ,

(5)

where ηit is the residual.
Furthermore, by combining equations (3) and (5), CIT EF LOWit can be expressed as follows:
log(CIT EF LOWit ) =

n
X

θτ ri,t−τ + β0 salesit + (ρnh + ρch )IndDumh

τ =0

+ Y earF Et + ηit + it .

(6)

In the next subsection, we analyze the relationship between R&D investment and
innovation by estimating equation (6). In particular, we examine whether R&D
efficiency has declined since the latter half of the 2000s. Specifically, we do so by
looking at developments in the year fixed effect (Y earF Et ) in equation (6).11

4.2

Estimation results

Table 4 shows the estimation results of the baseline model with R&D lag orders of
n = 0, 2, 5. The estimated coefficient on R&D investment is about 0.3 when n = 0.
It should be noted that, as pointed out by Griliches et al. (1986), the relationship
between the citation flow and R&D spending is not affected by the choice of lag order
when R&D investment follows a highly autocorrelated process. We can calculate the
sum of lag coefficients to analyze the impact of R&D investment on innovation. In
the case of n = 2,5, the sum of the coefficients of the R&D term is about 0.3 and
significantly different from zero regardless of the lag order. This means that a 1%
increase in R&D investment will increase the citation flow by 0.3%.
The estimated industry effects, which are estimated using chemicals as the reference industry, are negative for pharmaceuticals and transportation equipment, while
they are positive for electric appliances, as shown in Table 5.12 A possible reason for
the negative industry effects in the pharmaceutical and transportation equipment
industries is that the number of patents obtained relative to the amount of R&D
investment is quite low, as shown in Figure 8.
Finally, the estimated year fixed effect follows a downward trend. This implies
11
In order to examine changes in R&D efficiency, we could also use a different specification
in which the elasticity of R&D investment, θ, varies over time. To check the robustness of our
results, we also estimated the alternative model with time-varying θ. The results confirm that R&D
efficiency has declined since the second half of the 2000s. However, following previous studies such
as Branstetter and Nakamura (2003), we report only the results focusing on year fixed effects.
12
The estimation results in Table 5 are for n = 0, which yields the largest number of observations.
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the return on R&D investment in terms of patents obtained has declined since
the 2000s, as shown in Figure 9. This result suggests that the efficiency of R&D
investment in Japanese firms has declined in recent years. There are various possible
reasons for this decrease in efficiency. These are considered in Section 5 and their
plausibility is considered. Before that, however, we check the robustness of the above
findings using an alternative specification of the innovation function that includes
firm fixed effects and the alternative variable of the citation stock.

4.3
4.3.1

Robustness check
Innovation function

The innovation function estimated in the previous section did not take firm fixed
effects into account. This section shows that the efficiency of R&D is still decreasing
even when firm fixed effects are considered. That is, we estimate the following model,
in which the fixed effect αi for firm i is added to equation (6):
log(CIT EF LOWit ) =

n
X

θτ ri,t−τ + β0 salesi t + Y earF Et + αi + eit .

(7)

τ =0

Figure 10 indicates that although the rate of decline in the first half of the 2000s
is smaller than in the baseline estimation, the year fixed effects is still decreasing,
implying that the efficiency of R&D has been falling.
4.3.2

Adjusted citation flow

As pointed out in Section 3, the citation information may be affected by changes
in the patent system. Therefore, we estimate the innovation function using the adjusted citation flow (CITEFLOWAD) as an independent variable. Figure 11 shows
that the estimated year fixed effects decrease over time, although the pace of decrease is slower than in the baseline model. In other words, the amount of R&D
investment required to achieve the same amount of citation flows has increased since
the 2000s. Although not shown here, similar results were obtained estimating this
model including firm fixed effects.
4.3.3

Changes in the tendency to apply for patents

A possible reason for the change in the link between the citation flow and R&D
investment is that firms may have become less likely to apply for a patent due to
changes in the patent system or in corporate patent strategies. To check whether
this is the case, we calculate the ratio of the number of patent applications to the
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number of inventions. The result is shown in Figure 12 and indicates that this
ratio has been on an upward trend since 2008. Furthermore, as shown in Figure 8,
although the ratio of the number of patents obtained to the amount of the R&D
investment shows different dynamics across industries, it has not declined since 2000.
To show that the tendency of firms to apply for patents has not changed, we
estimate a patent registration model. Specifically, we replace the dependent variable
in the citation flow model given by equation (6), CIT EF LOWit , with the number
of patents granted. Figure 13 shows that the year fixed effect has hardly changed
over time, indicating that the tendency of firms to apply for patents has not changed
significantly in recent years.

5

Reasons for the Decline in R&D Efficiency

The results of the analysis so far suggest that the efficiency of R&D in Japan’s
manufacturing sector has been declining. This section presents possible explanations
and discusses their plausibility.
The first possible explanation is that R&D efficiency has declined due to the
intensification of R&D competition in recent years. For instance, the R&D expenditure of Chinese and Korean firms has been increasing rapidly since the 2000s.
With these firms filing patents in many fields, it may have become more difficult for
Japanese firms to obtain high-value patents. Figure 14, shows that China’s R&D
expenses overtook Japan’s in the late 2000s. Moreover, since 2008, R&D expenditure in countries such as China, South Korea, and Taiwan has been growing at a
faster pace than in Japan, pointing to intensifying R&D competition for Japanese
firms.
The second possible explanation is that the quality and diversity of researchers in
Japanese firms may be insufficient. Figure 15 shows that Japanese firms’ personnel
expenses per researcher followed a downward trend until the first half of the 2010s,
although they have risen slightly in recent years. This suggests that Japanese firms
have not been trying very hard to attract leading researchers, which may have led
to top researchers joining firms overseas (Yamauchi et al., 2014). In recent years, it
has been pointed out that the importance of “superstar” researchers has increased
(Azoulay et al., 2010; Benzell and Brynjolfsson, 2019). The decline in personnel
expenses per researcher at Japanese firms suggests that Japanese firms may have
failed to attract such “superstar” researchers, which may have led to a slowdown
in innovation. Further, as shown in Figure 16, the number and share of female
researchers at Japanese firms remain low, providing one indicator that researcher
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diversity probably remains limited.13 Given that, as highlighted by Jones (2009),
the time and knowledge required to make innovative discoveries are rising, increasing
researcher diversity seems essential to boost innovation.
The third possible explanation is that Japanese companies did not aggressively
advance into new technological areas. Previous studies on innovation, particularly
in the field of business studies, classify innovations into explorative and exploitative
ones (see, e.g., March, 1991). Furthermore, a number of studies (e.g., Levinthal and
March, 1993; Zhou and Wu, 2010) have pointed out that as a firm’s knowledge in an
existing technological field increases through experience, its incentives for developing
new technologies decline.14 Given these findings and the increasing average age of
Japanese listed firms, it is possible that the aging of firms has reduced their appetite
to enter new fields and pursue exploratory R&D.15
To further investigate this point, following previous research by Ahuja and Lampert (2001) and Kotha et al. (2011), we measure the extent to which firms have
obtained patents in a new technical field. Specifically, we calculate the patent stock
in a new area (N ewP atStockit ), that is, the number of patents obtained in a technical field in which a firm previously had not obtained any patents. To obtain
the patent stock in a new area, we first calculate the patent flow in the new area
(N ewP atF lowit ). Based on the flow, we then calculate the stock using the permanent inventory method:16
N ewP atF lowit =

N
X

Pikt δikt ,

(8)

k=1

where Pikt represents the number of patents obtained by firm i in IPC classification
13

That diversity is important for innovation and that there is a positive relationship between
the diversity and growth of a firm, not just in the field of R&D, has been highlighted since the
1950s (e.g., Penrose, 1959). In fact, previous studies such as Ostergaard et al. (2011) have
shown that there is a positive correlation between employee diversity in terms of gender and other
characteristics and innovation.
14
In the field of economics, Akcigit and Kerr (2018) used an endogenous growth model to theoretically show that incumbents tend to prefer exploitative R&D, while new entrants prefer exploratory
R&D.
15
Previous studies have not reached a consensus as to whether older firms become less likely
to innovate. For example, Cohen and Levinthal (1990) point out that knowledge accumulation
(absorptive capacity) is useful for capturing new external information and innovating, and knowledge accumulation takes time. They therefore argue that the older a firm gets the more likely it
is to innovate. On the other hand, comparing existing companies and new entrants, Reinganum
(1983) showed that existing monopolists have a weaker incentive to innovate than new entrants
because they fear that new products would cannibalize their existing products. In the field of
business studies, there is also a large body of research on innovation. An example is the study by
Christensen (1997), which presents the idea of the innovator’s dilemma. See Benner and Tushman
(2003) for more details.
16
When calculating the patent stock in new fields, we set the depreciation rate to 0.3. However,
setting it to 0.15 does not affect the conclusions of our analysis.
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k for the period from t to t + 2. δikt is a dummy for firms’ entry into a new field
and takes a value of one when firm i first obtains a patent in classification k at
time t. Figure 17 shows the extent to which firms in a particular industry have
obtained patents in a new field. Although most industries showed an upward trend
in the early 2000s, other than for the electric appliances industry, the trend has been
downward in recent years.
As mentioned above, the decline in the obtaining of patents in new technological
fields may be due to the aging of firms. Therefore, in order to investigate the link
between firms’ age and patent flow in new fields, we estimate the following model,
in which the patent flow in new fields is used as the dependent variable and firms’
age is the key explanatory variable:
log(N ewP atF lowit ) = β1 log(Ageit ) + β2 Xit + γh IndDumh + Y earF Et + it , (9)
where Ageit is the number of years since firm i was established and Xit is a set
of control variable. As control variables, we use the return on assets (ROA), total
assets, the growth rate of sales, and the citation stock (all with a one-period lag).
The results are presented in Table 6 and indicate that younger firms tend to
be more active in terms of expanding into new fields.17 Furthermore, in order to
examine how changes in the patent flow in new areas affects innovation, we estimate
the innovation function adding the patent stock in new areas to the explanatory
variables. The results are presented in Table 7, which shows that the estimated
coefficient on the patent stock is positive and significant. This suggests that the
reluctance to enter new technological fields may have reduced innovation.
That said, both theoretical and empirical research suggest that entering new
technological fields does not always lead to an increase in innovation.18 Nevertheless,
the estimation results in Table 7 imply that firms that entered new fields have tended
to generate a larger number of innovations. The findings here therefore suggest that
the recent decline in entry into new fields by Japanese firms makes innovation less
17

The estimation is based on ordinary least squares (OLS) regression using data for six manufacturing industries spanning a period of five years from 2008 to 2012. In addition, in order to
check the robustness of the results, we estimated a Poisson regression model in which the patent
flow in new fields was used as the dependent variable. The results of the Poisson regression also
showed a significant negative relationship between firms’ age and the patent flow in new fields.
18
On the one hand, Garcia-Vega (2006), for example, reports that companies with diverse technologies are more likely to innovate and have a higher probability of survival. Similarly, Quintana
and Benavides (2008) show that a diversified technological base enhances firms’ ability to innovative, especially in the area of exploratory innovation. On the other hand, Kotha et al. (2011) find
that the relationship between entry into new fields and innovation follows an inverted U-shape.
Although entry into some new fields tends to lead to new innovations, entering into too many new
fields leads to a decentralization of resources including researchers and an increase in adjustment
costs, which reduces the efficiency of innovation. The data used in this study do not provide
evidence of such an inverted U-shaped relationship.
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likely to occur.
The fourth possible explanation is that the decline in the efficiency of R&D activities of Japanese firms simply reflects that generating innovations may be getting
more difficult and as such is part of a phenomenon observed worldwide. As pointed
out in a large number of studies (e.g., Jones, 2009; DiMasi et al., 2016; Gordon,
2016; Bloom et al., 2020), not only in Japan does innovating appear to be getting
more difficult in a variety of fields such as medicine, agriculture, semiconductors,
etc. If there is indeed such a secular trend, Japanese firms, of course, cannot escape
from this in the long run. Under these circumstances, firms and research institutions in countries around the world are trying to maintain the pace of innovation by
increasing the number of researchers and increasing joint research.
The above four possible explanations are closely related and it is difficult to
examine the exact causal relationships among them. Moreover, it is beyond the scope
of this study to quantitatively examine the contribution of the different factors to
the decline in the R&D efficiency of Japanese firms since the 2000s. Examining the
decline in R&D efficiency in more detail, including the above possible explanations,
would be useful in considering measures to strengthen the long-term growth potential
of Japanese firms.

6

Conclusion

In this study, we calculated the citation stock using patent data as a proxy variable
for the innovation firms have accumulated and showed that the citation stock plays a
significant role in explaining firms’ productivity. Moreover, using the citation stock
as a proxy variable for innovation, we also showed that the efficiency of firms’ R&D
activities have declined since the 2000s.
Finally, it should be noted that the quantitative analysis in this study focused
only on the manufacturing sector, which conventionally has accounted for the bulk
of R&D investment. In recent years, however, a major field of innovation has been
technologies such as AI and IoT, the application of which is not necessarily limited
to the manufacturing sector. Given the versality of technologies such as AI, it is
possible that new innovations may be brought about by successfully incorporating
such technologies in other technical areas and product fields. Analysis of the impact
of technological progress in areas such as AI and IoT on innovation is an issue we
leave for future research.

19

References
[1] Ahuja, G., and Morris Lampert, C. (2001). Entrepreneurship in the large corporation: A longitudinal study of how established firms create breakthrough
inventions. Strategic Management Journal, 22(6-7), 521-543.
[2] Akcigit, U., and Kerr, W. R. (2018). Growth through heterogeneous innovations. Journal of Political Economy, 126(4), 1374-1443.
[3] Azoulay, P., Graff Zivin, J. S., and Wang, J. (2010). Superstar extinction. The
Quarterly Journal of Economics, 125(2), 549-589.
[4] Benner, M. J., and Tushman, M. L. (2003). Exploitation, exploration, and
process management: The productivity dilemma revisited. Academy of Management Review, 28(2), 238-256.
[5] Benzell, S. G., and Brynjolfsson, E. (2019). Digital abundance and scarce genius: Implications for wages, interest rates, and growth, NBER Working Paper
No. 25585. National Bureau of Economic Research.
[6] Bloom, N., and Van Reenen, J. (2002). Patents, real options and firm performance. The Economic Journal, 112(478), C97-C116.
[7] Bloom, N., Schankerman, M., and Van Reenen, J. (2013). Identifying technology spillovers and product market rivalry. Econometrica, 81(4), 1347-1393.
[8] Bloom, N., Jones, C. I., Van Reenen, J., and Webb, M. (2020). Are ideas getting
harder to find? American Economic Review, 110(4), 1104-1144.
[9] Branstetter, L. G. and Nakamura, Y. (2003). Is Japan’s innovative capacity
in decline? In M. Blomstr´’om, J. Corbett, F. Hayashi, and A. Kashyap, eds.,
Structural Impediments to Growth in Japan, University of Chicago Press.
[10] Cohen, W. M., and Levinthal, D. A. (1990). Absorptive capacity: A new perspective on learning and innovation. Administrative Science Quarterly, 128-152.
[11] Corrado, C., Hulten, C., and Sichel, D. (2009). Intangible capital and US economic growth. Review of Income and Wealth, 55(3), 661-685.
[12] Christensen, C. (1997). The Innovator’s Dilemma: When New Technologies
Cause Great Firms to Fail, Harvard Business Review Press.
[13] DiMasi, J. A., Grabowski, H. G., and Hansen, R. W. (2016). Innovation in
the pharmaceutical industry: New estimates of R&D costs. Journal of Health
Economics, 47, 20-33.
20

[14] Fukao, K., Miyagawa, T., Mukai, K., Shinoda, Y., and Tonogi, K. (2009).
Intangible investment in Japan: Measurement and contribution to economic
growth. Review of Income and Wealth, 55(3), 717-736.
[15] Garcia-Vega, M. (2006). Does technological diversification promote innovation?
An empirical analysis for European firms. Research Policy, 35(2), 230-246.
[16] Gordon, R. J. (2016). The Rise and Fall of American Growth: The US Standard
of Living since the Civil War. Princeton University Press.
[17] Goto, A., and Motohashi, K. (2005). Development of the patent database and
research on innovation. Chizaiken Forum of the Institute of Intellectual Property, 63, 43-49 (in Japanese).
[18] Griliches, Z. (1981). Market value, R&D, and patents. Economics Letters, 7(2),
183-187.
[19] ——— (Ed.). (1984). R&D, Patents, and Productivity. University of Chicago
Press.
[20] ——— (1998). Patent statistics as economic indicators: a survey. In R&D and
Productivity: The Econometric Evidence (pp. 287-343). University of Chicago
Press.
[21] Griliches, Z., Hall, B., and Hausman, J. (1986). Patents and R&D: Is there a
lag. International Economic Review, 27(2), 265-283.
[22] Hall, B. H., Jaffe, A. B., and Trajtenberg, M. (2001). The NBER patent citation
data file: Lessons, insights and methodological tools. NBER Working Paper No.
8498. National Bureau of Economic Research.
[23] ——— (2005). Market value and patent citations. RAND Journal of Economics,
16-38.
[24] Harhoff, D., Narin, F., Scherer, F. M., and Vopel, K. (1999). Citation frequency
and the value of patented inventions. Review of Economics and Statistics, 81(3),
511-515.
[25] Hirata, W. (2012). Population and economic growth: Lessons from economic
growth theory. Kinyu Kenkyu, 81(3), 511-515 (in Japanese).
[26] Jaffe, A. B., Trajtenberg, M., and Henderson, R. (1993). Geographic localization of knowledge spillovers as evidenced by patent citations. Quarterly Journal
of Economics, 108(3), 577-598.
21

[27] Jibu, M., and Osabe, Y. (2014). Development of new indicators for the launch of
a Japanese version of the NIH (4). Journal of Information Management, 57(1),
29-37 (in Japanese).
[28] Jones, B. F. (2009). The burden of knowledge and the “death of the renaissance
man”: Is innovation getting harder? Review of Economic Studies, 76(1), 283317.
[29] Kline, P., Petkova, N., Williams, H., and Zidar, O. (2019). Who profits from
patents? Rent-sharing at innovative firms. Quarterly Journal of Economics,
134(3), 1343-1404.
[30] Kogan, L., Papanikolaou, D., Seru, A., and Stoffman, N. (2017). Technological
innovation, resource allocation, and growth. Quarterly Journal of Economics,
132(2), 665-712.
[31] Kotha, R., Zheng, Y., and George, G. (2011). Entry into new niches: The effects
of firm age and the expansion of technological capabilities on innovative output
and impact. Strategic Management Journal, 32(9), 1011-1024.
[32] Lanjouw, J. O., and Schankerman, M. (2004). Patent quality and research productivity: Measuring innovation with multiple indicators. Economic Journal,
114(495), 441-465.
[33] Levinthal, D. A., and March, J. G. (1993). The myopia of learning. Strategic
Management Journal, 14(S2), 95-112.
[34] March, J. G. (1991). Exploration and exploitation in organizational learning.
Organization Science, 2(1), 71-87.
[35] Motohashi, K. (2009). The accumulation of R&D assets and performance of
Japanese firms. Macroeconomics and Industrial Structure, 251-288. Keio University Press (in Japanese).
[36] Nagaoka, S. (2006). R&D and market value of Japanese firms in the 1990s.
Journal of the Japanese and International Economies, 20(2), 155-176.
[37] Nakamura, K. (2016). Development and use of the “IIP Patent Database.” Journal of Economics and Business Administration, 214(2), 75-90 (in Japanese).
[38] Olley, G. S., and Pakes, A. (1996). The dynamics of productivity in the telecommunications equipment industry. Econometrica, 64(6), 1263-1297.

22

[39] Ostergaard, C. R., Timmermans, B., and Kristinsson, K. (2011). Does a different view create something new? The effect of employee diversity on innovation.
Research Policy, 40(3), 500-509.
[40] Pakes, A., and Griliches, Z. (1980). Patents and R&D at the firm level: A first
report. Economics Letters, 5(4), 377-381.
[41] Penrose, E. T. (1959). The Theory of the Growth of the Firm. Oxford University
Press.
[42] Quintana-García, C., and Benavides-Velasco, C. A. (2008). Innovative competence, exploration and exploitation: The influence of technological diversification. Research Policy, 37(3), 492-507.
[43] Reinganum, J. F. (1983). Uncertain innovation and the persistence of monopoly.
American Economic Review, 73(4), 741-748.
[44] Scherer, F. M. (1965). Firm size, market structure, opportunity, and the output
of patented inventions. American Economic Review, 55(5), 1097-1125.
[45] Schmookler, J. (1966). Invention and Economic Growth. Harvard University
Press.
[46] Schumpeter, J. A. (1912). Theorie der wirtschaftlichen Entwicklung.
[47] Trajtenberg, M. (1990). A penny for your quotes: Patent citations and the
value of innovations. Rand Journal of Economics, 172-187.
[48] Tonogi, A., and Tonogi, Y. (2016). Measurement of firm-level R&D investment and Multiple Q. Rissho University Discussion Paper Series, 2, 1-36 (in
Japanese).
[49] Yamada, S., (2009). Economic Analysis of Patent Data. Toyo Keizai (in
Japanese).
[50] Yamauchi, I., Edamura, K., and Kadoyama, F., (2014). Transfer of Japanese
inventors and the risk of technology outflows: Human resource strategies of
Korean firms. Journal of the Intellectual Property Association of Japan, 11(2),
47-65 (in Japanese).
[51] Yasukawa, S. (2015). Research on patent citation: The usefulness of forward
citations by examiners in Japan and the United States. University of Tokyo,
Ph.D. thesis (in Japanese).

23

[52] ——— (2017). The usefulness of forward citations by examiners in Japan and
the United States. Patent, 70(4), 73-87 (in Japanese).
[53] Zhou, K. Z., and Wu, F. (2010). Technological capability, strategic flexibility,
and product innovation. Strategic Management Journal, 31(5), 547-561.

24

140

Figure 1: R&D Investment
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Figure 3: Forward Citations Over Time

Figure 2: Number of Patent Applications and
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Figure 4: Citation Stock
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Figure 6: R&D Stock

Figure 5: Citation Stock by Industry
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Figure 7: Citation Stock and TFP from the JIP Database
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Figure 8: Number of Patents Relative to R&D Investment
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Figure 9: Year Fixed Effects in the
Innovation Function

Figure 10: Year Fixed Effects in the Innovation Function
with Firm Fixed Effects
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Figure 11: Year Fixed Effects for the Innovation Function with Adjusted Citation Stock
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Figure 12: Ratio of the Number of Patent Applications
to the Number of Inventions
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Figure 14: R&D Investment by Country
Level
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Japanese Firms

Figure 15: Personnel Expenses per Researcher
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Figure 17: Patent Stock in New Fields
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Table 1: Productivity and Citation and R&D Stocks
(1)
log(GrossValue)
0.112∗∗
(0.0515)

(2)
log(GrossValue)
0.0819∗
(0.0479)

(3)
log(GrossValue)
0.0692
(0.0500)

(4)
log(GrossValue)
0.114∗∗
(0.0532)

log(Labor)

0.589∗∗∗
(0.0491)

0.528∗∗∗
(0.0542)

0.512∗∗∗
(0.0575)

0.494∗∗∗
(0.0498)

log(R&DSTOCK)

0.0546∗
(0.0309)

0.0637∗∗
(0.0313)

0.0175
(0.0258)

0.0162∗
(0.00876)
7598
Yes
Yes
No

0.0139∗∗
(0.00580)
7598
Yes
–
Yes

log(Capital)

0.0187∗∗
(0.00879)
7936
Yes
Yes
No

log(CITESTOCK)
N
Firm Fixed Effect
Year Fixed Effect
Industry × Year Fixed Effect

8198
Yes
Yes
No

Notes: Standard errors in parentheses. The table shows the estimation results for the production function where the
dependent variable is gross value added. ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Table 2: Citation Stock and Productivity from the JIP Database
(1)
Citation Stock
Explanatory variables∆log(CITESTOCK)
0.0395∗∗
(0.0181)
∆log(R&DSTOCK)
N

318

(2)
R&D Stock

0.0290
(0.0629)
208

Notes: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses. The
table shows the estimation result for the equation where the dependent variable is the
the growth rate of productivity from the JIP database. Note that the JIP Database is
the most widely used database in academia for analyses of Japanese TFP. Due to data
limitations, the estimation period for (1) is FY 1997-2015, while that for (2) is FY 20032015. However, the results remain qualitatively unchanged when we use observations for
FY 2003-2015.
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Table 3: Production Function with Adjusted Citation Stock
(1)
log(GrossValue)
0.115∗∗
(0.0533)

log(Capital)

log(Labor)

0.494∗∗∗
(0.0497)

log(R&DSTOCK)

0.0170
(0.0258)

log(CITESTOCKAD)

0.0127∗∗
(0.00639)
7593
Yes
Yes

N
Firm Fixed Effect
Industry × Year Fixed Effect

Notes: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses. The table shows the
estimation result for the production function where the dependent variable is gross value added.
CITESTOCKAD represents the adjusted citation stock.
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Table 4: Estimation Results for the Innovation Function
(2)n=2
log(CITEFLOW)
0.123∗
(0.0682)

(3)n=5
log(CITEFLOW)
0.167∗
(0.0876)

log(R&Dt−1 )

0.162∗
(0.0902)

0.109
(0.123)

log(R&Dt−2 )

0.0273
(0.0607)

-0.0947
(0.112)

log(R&Dt )

(1)n=0
log(CITEFLOW)
0.307∗∗∗
(0.0190)

log(R&Dt−3 )

0.0389
(0.112)

log(R&Dt−4 )

0.128
(0.104)

log(R&Dt−5 )

-0.0349
(0.0732)

Sum of the coefficients
on R&Dt−j
N
Industry FE
Year FE

6403
Yes
Yes

0.312∗∗∗

0.313∗∗∗

5400
Yes
Yes

3949
Yes
Yes

Notes: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses. The table shows the
estimation results for the innovatoin function where the dependent variable is the citation flow.
R&D represents real R&D investment.
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Table 5: Industry Fixed Effects in the Innovation Function
(1)n=0
log(CITEFLOW)
-1.363∗∗∗
(0.0805)

Pharmaceuticals

Machinery

-0.0817∗∗
(0.0393)

Electric appliances

0.339∗∗∗
(0.0383)

Transportation equipment

-0.625∗∗∗
(0.0454)

Precision instruments

0.139∗∗
(0.0580)
6403

N

Notes: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses. The table shows the
the estimation results for the industry fixed effects, setting the chemical industry as the reference
category and using the innovation function with n=0 in Table 4, where the dependent variable is
the citation flow.
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Table 6: Firm Age and Patent Flow in New Fields
(1)
log(NewPatFlow)
-0.229∗
(0.128)

log(Age)

ROA

-1.962∗∗
(0.934)

log(TotalAssets)

0.341∗∗∗
(0.0565)

SalesGrowth

0.377
(0.232)

log(CITESTOCK)
N
Industry Fixed Effect
Year Fixed Effect

-0.135∗∗∗
(0.0394)
851
Yes
Yes

Notes: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses.
The table shows the estimation results for the model examining the patent flow in new fields. The
explanatory variables include the firm age (AGE), total assets (TotalAssets), and sales growth
(SalesGrowth), and all variables are lagged by one year. The estimation period is FY 2008-2012.
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Table 7: Patent Stock in New Fields and Innovation
(1)
log(CITEFLOW)
log(NewPatStock)
0.0561∗∗∗
(0.0167)
log(RSALES)

0.170∗∗∗
(0.0600)

log(R&D)

0.159∗∗∗
(0.0435)
6263
Yes
Yes

N
Firm Fixed Effect
Year Fixed Effect

Notes: ∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01. Standard errors in parentheses. The table shows the
estimation results for the innovation model for firms in the six manufacturing industries. RSALES
represents real sales and R&D represents real R&D investment. To address potential endogeneity
issues, we lag the patent stock in new fields (NewPatStock) by three years.
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