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Abstract

This thesis analyzes the effect of regional trade agreements (RTAs) on international
patent collaborations, as a measure of knowledge flows. Patent collaboration generate
knowledge flows between inventors through interactions and learning opportunities.
By the use of the European Patent Office’s Patstat database on patent applications
and the gravity dataset from the french research institute CEPII, I estimate the
effect of RTAs on international patent collaboration between inventors. The panel
consists of 209 countries over the time period 1965 - 2006. The amount of patent
collaboration between inventors residing in different countries will be estimated
using the gravity model, which is a highly successful empirical model. Within
my work, I extend the gravity equation with the outcome of international patent
collaborations, as a measure of knowledge flow. Furthermore, I estimate this equation
using OLS and Poisson regressions with country- year specific fixed effects. To
secure robustness, I use different estimation methods and subsamples of the data.
I also investigate the effect of high- and low- income countries as well as the North
American Free Trade Agreement (NAFTA) on international patent collaboration.
From this, my findings suggest, positive, significant and robust effect of RTA on
knowledge flow, measured by international patent collaboration. In particular, I
find that joining a RTA increase international patent collaboration by 55%. Patent
collaboration is also positively affected by the presence of a common language, a
common border, colonial link and a common legal origin. While being negatively
affected by distance. Additionally, I find that the effects are larger when RTAs
include stronger rules for intellectual property rights. In total, the estimated effects
on international patent collaborations are similar to the effects characterizing international
trade, within the gravity framework.
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1 Introduction

Endogenous growth theory made knowledge, technological innovation and R&D important
contributors to economic growth and productivity (Romer 1986; Romer 1990; Lucas 1988;
Grossman and Helpman 1990). In many countries, over 90% of domestic productivity
growth comes from foreign sources of technology (Keller 2004). Knowledge flow is defined
as the process of learning since knowledge flows occur when an idea generated by a specific
institution, firm or individual is learned by another agent (Peri 2005). New technology
and knowledge travel through exporting and importing of goods and services. Hence,
bilateral knowledge flows are a product of international trade. Moreover, knowledge
flows also occur at the inventor level, whereas collaboration between inventors implies
interaction and learning opportunities. Even though knowledge flow itself is difficult to
estimate, it sometimes leaves a paper trail from patent filings (Keller 2010). Additionally,
patented technological innovations generate knowledge spillovers benefiting others, since
the knowledge and idea behind the innovations are made public.

In the empirical framework, I use information from patent applications contained in
the European Patent Office’s Patstat database, which include the inventors nationalities
within the patent applications filed at any patent office in the time period 1965 - 2006.
The goal of the empirical analyses is to estimate the effect of regional trade agreements
on knowledge flows, through international patent collaboration. For this purpose, I merge
the Patstat dataset with the gravity dataset from the french research institution CEPII,
to include variables I assume have an effect on patent collaboration, from the same
time period. In particular, I use international patent collaborations as a measure of
knowledge flows across country borders, since collaboration between inventors imply that
knowledge flows are taking place. This is assessed by means of a gravity model, which is
a highly successful empirical model. I begin my work, by extending the log- linear gravity
equation as presented in Baier and Bergstrand (2007), with the outcome of international
patent collaborations between a country- pair ij. In the empirical analyses, I estimate
the regressions by using STATA 14.2. I apply conventional OLS, in addition to OLS
and Poisson regression with country- year specific fixed effects. Hence, these different
regression methods allow to discuss the potential bias within the model. To secure
robustness of the key results, I divide the data into different subsamples and estimate
by using the same methods.

My thesis closely relates to the empirical work by Montobbio and Sterzi (2013) and
Picci (2010) who analyze the determinants of international inventive collaborations as a
measure of knowledge flow. Both of these papers use gravity framework to estimate the
impact of many control variables and indicators on international patent collaboration.
Additionally, the working paper by S. P. Kerr and W. R. Kerr (2015) use inventor-
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level data on international patent collaborations to study the characteristics of global
collaborative patents for public companies within the United States (U.S.). I distinguish
my thesis from the previous literature by the use of different datasets and a multinational
focus on all regional trade agreements (RTAs) over a longer period of time. In addition,
I estimate a different gravity equation and include more countries over a longer period of
time. The explanatory variable of interest is RTAs between collaborating country- pairs ij
at time t. This dummy variable include all trade agreements, which is important because
I use data from patent applications filed at any patent office. I expect to find similar
effects of RTAs on international patent collaboration, as it have on trade flows, which is
found by e.g. Baier and Bergstrand (2007).

Among the gravity literature, there are empirical evidence for RTAs increasing the member
countries’ international trade. In particular, knowledge is transferred directly through
trade in goods and services, and it is also a possible channel for information regarding the
existing knowledge in other countries which might increase collaboration. When accessing
new markets through RTAs, firms will need innovation to stay competitive or become
more specialized, which also increase collaboration. Hence, I assume trade agreements
will positively affect knowledge flows, also through patent collaboration. Additionally,
most of the technological innovations come only from a few high- income countries, which
are known as the knowledge producers (Keller 2010; Keller 2004). While the low- income
countries are known as the knowledge users (Auriol et al. 2012). In this way, low- income
countries tend to free- ride1 by adopting technology and knowledge developed by high-
income countries, to reduce their investment costs in R&D. This shows the importance
of technology diffusion to make the technological progress accessible globally. Taking this
into account, I will divide the data to estimate the effect of RTAs on high- and low- income
countries. Additionally, I will also analyze the specific effect of the North American Free
Trade Agreement (NAFTA) on international patent collaboration.

The main finding of my thesis is that the number of international patent collaborations is
positively affected by RTAs. Using international patent collaborations as my dependent
variable yields similar effects when using trade flows as dependent variable within the
gravity methodology. Moreover, having a RTA in place between high- income countries
have a even stronger effect on international patent collaboration. In fact, most of the
global international patent collaborations occurs between high- income countries, resulting
in an large amount of knowledge flow within this group of countries. Additionally, I
find that stronger intellectual property rights (IPR) also increase the number of patent
collaborations, especially in places where the IPRs were originally weak.

The thesis is organized as follows. In section 2, I will first introduce the main concepts
1This occurs when a firm or individual benefits from new technology or knowledge produced by another

firm or individual, without paying for the production or learning cost. See Montobbio and Sterzi (2013).
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used within my methodology. In section 3, I present the data and the development in
international patent collaborations over time. Furthermore, in section 4, I will present the
model, and derive the log- linear regression equation, in addition to present the estimation
methods. In section 5, I will present and discuss the empirical findings in the key results.
I will also divide the data into several subsamples and apply different estimation methods
to discuss the robustness of the model. Furthermore, I distinguish between high- and
low- income countries as way of estimating the effect of main knowledge creators being
the high- income countries, and non-knowledge creators being the low- income countries.
Lastly, I will estimate the effect of NAFTA, on international patent collaboration between
inventors. Subsequently, in section 5.3, I discuss the main findings of the empirical
analyses. Finally, section 6 concludes.
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2 Background

In this section, I will introduce the background theory and relevant literature used
throughout the thesis, in order to provide a more coherent understanding of the topic
at hand.

2.1 Related literature

Over the years, the empirical literature on international knowledge flow and technological
spillovers has had a growing importance, identifying knowledge flows as an important
contributor to increase productivity (Fagerberg 1994). Within the related literature,
knowledge flows are defined as the process of learning (Peri 2005). Knowledge is the most
important factor to invent and produce new technology, in which technological innovation
has a large effect on economic growth. There are several different research directions and
methods investigating international knowledge flows, covering different methodologies and
countries or regions.

There are few papers using international patent collaborations as a measure of knowledge
flow, within the gravity framework. One of these is the paper by Montobbio and Sterzi
(2013), which closely relates to my thesis. Montobbio and Sterzi (2013) use a gravity
model to analyze the international technological collaborations at the inventor level
between advanced and emerging countries. They assume that international technological
collaborations at the inventor level implies face- to- face and personal interactions, making
more knowledge flow faster and between the inventors (Singh 2007; Montobbio and Sterzi
2013). Montobbio and Sterzi (2013) use data from the U.S. Patent and Trademark Office
(USPTO) on patent applications, for a panel of eleven emerging and seven advanced
countries over the time period 1990 - 2004. Montobbio and Sterzi (2013) base their model
on gravity methodology and estimate the impact of geographical distance and include
various control variables, using the Poisson Pseudo Maximum Likelihood (PPML). Their
results state that the type of collaborations and the country of origin yield varying results,
additionally trade and cultural similarities are important for collaboration. Montobbio
and Sterzi (2013) also estimate the effect of intellectual property rights (IPR), where they
find stronger IPR has a positive effect on international technology collaborations, only
when coming from subsidiaries of multinational firms.

Moreover, Picci (2010) also extends the model from the gravity methodology using data
from the patstat database on inventor level patent collaboration, and study the degree of
internationalization of European innovative activities, over the years 1990 - 2005. Picci
(2010) find the amount of bilateral collaboration to be positively affected by the presence

4



of having a common language, sharing a border, and other similar cultural characteristics.
In addition, to be negatively affected by distance.

Miguelez (2016) and S. P. Kerr and W. R. Kerr (2015) argue that migration of high- skilled
workers and the composition of inventor teams are important for how new knowledge is
exploited, both within and outside of a firm. Miguelez (2016) use gravity methodology
to study the effect of internalization of inventive activity between industrialized countries
and emerging economies. Miguelez (2016) find a strong and robust relationship between
inventor migration and international patent collaboration. In particular, his results show
that a 10% increase in the migration of high- skilled inventors from abroad increases
international patent collaboration by 2 - 2.2% (Miguelez 2016).

The working paper by S. P. Kerr and W. R. Kerr (2015) relates to Miguelez (2016) with
their analyses of global collaborative patents for U.S. public companies. S. P. Kerr and
W. R. Kerr (2015) use data on patent collaboration from the U.S Patent and Trademark
office (USPTO), where one inventor is located within the U.S and another outside the
U.S. Moreover, S. P. Kerr and W. R. Kerr (2015) use a gravity methodology and explain
first that collaborative teams may be required for the learning process itself. Secondly,
S. P. Kerr and W. R. Kerr (2015) explain that collaborative patenting may reduce entry
costs into a new location. Finally, they argue collaboration is necessary for coordination
of foreign activities. S. P. Kerr and W. R. Kerr (2015) find that collaborative patenting
occurs more often when a corporation is entering into a new foreign region for innovative
work, especially where intellectual property protection is weak. Additionally, S. P. Kerr
and W. R. Kerr (2015) find the composition of the collaborating inventor team, in which
the ethnic composition and cross - border mobility of the U.S. firm is important for how
new knowledge is used, both within and outside the firm.

Many studies have also applied the gravity framework to estimate the effects of knowledge
flows, measured through patent citation. This makes it possible to measure the knowledge
flow taking place when an inventor cites a previously filed patent. Among these is the
paper by Peri (2005), who use data on 4.5 million patent citations to estimate the effect
of aggregate knowledge flows from 147 European and North- American regions during the
time- period 1976 - 1996. Additionally, Peri (2005) performs the estimations using OLS
and maximum likelihood regression with a negative- binomial specification. Peri (2005)
find knowledge flows, from the countries being the technological leaders, reach longer
compared to trade flows. In fact, Peri (2005) estimates that over 9% of average knowledge
is learned from outside the origin country. Also, the papers by Maurseth and Verspagen
(2002) and Bottazzi and Peri (2003) use data on patent citations from the European
Patent Office (EPO), and find that spillovers are localized at the regional level and
mainly within the range of 300km. However, recent evidence supports that face- to- face
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collaborations yield more knowledge flows, since it is easier to detect if something within
the learning process is wrong, compared to collaboration over email or telephone (Singh
2007; Hoekman et al. 2008). Technological knowledge is not only found in materials,
technical drawings or patents but also through practical skills, organizational capabilities
and routines, which are tacit knowledge that can be costly to transfer (Montobbio and
Sterzi 2013; Keller 2010). In this way, foreign direct investment (FDI) is important to
achieve absorption and diffusion of knowledge from abroad (Keller 2010).

Baltagi et al. (2008) argues that FDI occurs due to the limited resources or factor
endowments within a country, such as knowledge, which makes the parent company to
invest in foreign sources abroad. They also argue that RTA affects FDI, because this
makes it cheaper for multinational companies to transfer goods and services within the
member countries. FDI occurs often after a country joins a RTA making high- skilled
labor available and thus more knowledge. However, this will reduce FDI in countries
outside of the RTA (Keller and S. R Yeaple 2003). In conclusion, they find that RTA has
a positive impact on FDI (Baltagi et al. 2008). This will also increase collaboration and
transfer technology and knowledge between the parent company and their subsidiaries
abroad. Consequently, FDI plays an important role absorbing knowledge from other
countries (Keller 2010). Over all multinational corporations, are one of the most important
technology producers in the world and has a large knowledge capital (Ethier and Markusen
1996; Keller 2010).

Most of the literature on international knowledge flow focus on high income or OECD
countries, and knowledge diffusion through traded goods and services. Among this
literature is the article by Eaton and Kortum (1996), who estimate cross section data
from 19 OECD countries and develop a model of growth and technology diffusion. Eaton
and Kortum (1996) finds that productivity levels within each country reflects a country’s
ability to innovate or adopt new technology compared to economic growth. In addition,
they find that more than 50% of the growth in each country within their sample, derives
from innovations from the U.S., Germany, and Japan. Showing that OECD countries have
derived productivity growth from importing knowledge through patents. In fact, these
high- income countries have the largest amount of international collaborative patents
within my dataset.

Within the literature, knowledge flow denotes the process of learning, which builds a
stock of research and development (R&D) (Peri 2005; Coe and Helpman 1995). R&D
both increase innovation and the firms ability to absorb and exploit new information
(Cohen and Levinthal 1989; Griffith et al. 2004). For the reason that technological
knowledge includes for example routines, organizational capabilities and non- standard
production, which are costly to transfer (Montobbio and Sterzi 2013). In this regard,
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productivity depends on both domestic and foreign R&D expenditure from their trade
partners, building new knowledge (Coe, Helpman, and Hoffmaister 1995). Moreover, Coe,
Helpman, and Hoffmaister (1995) estimate the benefits in terms of higher productivity
from R&D spillovers in low- income countries, that do little R&D themselves, through
trading with high- income industrial countries. Both Griffith et al. (2004) and Cohen
and Levinthal (1989) argue that investments in R&D will increase the invention of new
technology and thus enhance technology transfers by increasing the absorptive capacity2.

Collaborative patents are more often observed when a corporation is entering into a
new foreign region for innovative work. This takes place, especially where intellectual
property protection is weak (S. P. Kerr and W. R. Kerr 2015). Maskus (1997) argues
that strengthening of the intellectual property rights (IPR) reduces the imitation risk
and favors export. In addition, new legislation and stricter enforcement generate higher
incentives to disclose knowledge, especially towards trade where there is a risk of imitation
of the imported good (Montobbio and Sterzi 2013). Furthermore, since the World
Trade Organization (WTO) was founded, nearly all of their members participate in
one or more RTA. According to World Trade Organization (2017b), there has been an
increase in the number of RTAs and their reach, since the creation of WTO in 1995.
Maskus (1997) investigates implications of regional and multilateral trade agreements
for IPR, and focus in particular on NAFTA and WTOs TRIPS agreement. He explains
that NAFTA has stronger IPR than TRIPS, and concludes that there are net gains in
global efficiency from new international IPR systems (Maskus 1997). However, there
are concerns about the implication of these systems regarding the distribution of gains
between developed and developing economies. Recent econometric evidence also finds that
knowledge flows through trade or FDI respond positively to a strengthened patent law
and other intellectual property rights (IPR) (Maskus 2012; Maskus 2016). Additionally,
such knowledge flows also increase with the presence of an RTA.

2.2 Knowledge flow and patents

Technological innovations generate knowledge spillover that benefits others through
imitation, adaptation or provide extensions of new technology (Cohen and Levinthal
1989). Countries that can absorb more knowledge will consequently gain a higher
productivity level (Eaton and Kortum 1996; Cohen and Levinthal 1989; Griffith et al.
2004). It is not possible to measure knowledge flows directly, only through related data
related (Keller 2010), and there are several different methods to measuring data related to
knowledge flows. There are mainly three indirect approaches to measure technology and

2Absorptive capacity is a firm’s ability to identify and use new information as a function of prior
knowledge, see Cohen and Levinthal (1989) and Griffith et al. (2004).
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knowledge flows, (i) inputs (R&D) (ii) outputs (patents) and (iii) the effect of technology
(higher productivity) (Keller 2010). In the empirical analyses, I will focus on international
patent collaborations generating knowledge flows between inventors. Because there occurs
a learning process between the collaborating inventors, which can be used as a measure
of knowledge flows between countries. The downside of using this measure is that there is
little information regarding the size of the benefit from absorbing new knowledge or the
learning cost.

Patent is a form of IPR, which grants the exclusive right of the invention to the inventor
and contributes to ensuring profitability from knowledge. Patents are indirect evidence of
research output, and the location of which patent protection is sought, reflects where the
inventors expect their ideas being used (Eaton and Kortum 1996). A patent is granted
for a limited period of time, usually 20 years, in exchange for full disclosure of the details
of the invention to the public (World Intellectual Property Organization 2015). To be
granted a patent, the invention must be something that can be made, non- obvious, new
and inventive and not a modification of something that already exists (World Intellectual
Property Organization 2015). The patent is granted by the government to the inventor and
the application is assessed by a patent examiner, who searches for relevant technologies
to compare with similar prior inventions. This makes knowledge non- excludable and
non rivalrous and can thus be classified as a public good3 (Stiglitz 1999). Still, some
firms decide not to patent their idea, but keep their inventions a trade secret, making
knowledge excludable to some degree. In this regard, knowledge can be though of as an
impure public good4.

To request a patent, the inventor or company must file a written application to the
relevant patent office. The patent application must contain a detailed description of
how to make and use the invention5. Every person who made a unique contribution to
the invention should be listed as the inventors of the specific patent (World Intellectual
Property Organization 2015). In particular, the patent data includes separate information
about the nationality of the inventors and applicants. When the inventors reside in the
same country, I define the patent collaboration as domestic. However, if at least one
inventor resides in a foreign country, I define it as an international patent collaboration.
In this way, I am able to measure the bilateral knowledge flow across borders at the
inventor level. These definitions are the same as used in the papers by Picci (2010) and
S. P. Kerr and W. R. Kerr (2015).

3A public good is a product that can be consumed without reducing its availability to another
individual, such that it is non- rivalrous. In addition to not exclude any individuals from consuming,
non- excludable. See: Stiglitz (1999).

4See Stiglitz (1999).
5See World Intellectual Property Organization (2015).

8



2.3 Regional Trade Agreements

Regional trade agreements (RTAs), makes international trade more beneficial between
the member countries by reducing the trade barriers. Additionally, international trade
helps knowledge circulate between the trading countries through the act of importing and
exporting of goods and services. Moreover, RTAs do not only affect trade but extends
to foreign direct investment (FDI). Consequently, FDI from multinational corporations
generate knowledge spillovers through labor turnover and physical presence (Keller
2010). Whereas international knowledge spillovers affect productivity growth, increase
technological adaptation and innovation (Montobbio and Sterzi 2013; Keller 2010).

Many researchers have explained that international trade benefits economic growth,
by allowing countries to exploit each others comparative advantage6. In this way,
international trade will lead to accessing new markets and effective exploitation of
resources and knowledge compared to autarky (Norman and Orvedal 2002). The
Ricardian theory of international trade states that countries have a comparative advantage
in the production of a good, in which they have relatively better technology, compared to
other countries (Norman and Orvedal 2002). Accessing new markets also leads to more
competition and higher production among firms. This increases the need to innovate and
thus more collaboration to boost productivity and specialization. Trading regions are
often between geographically close countries, because of lower transportation costs. In
this way, countries that already trade with each other tend to negotiate RTAs, to make the
trade process easier and enhance their trading advantages. This makes RTAs endogenous.
Baier and Bergstrand (2007) explain that trade policy is not an exogenous variable, but
with the use of a panel data estimation approach, it is, in fact, possible to adjust for the
endogeneity of trade agreements.

Most RTAs, both newly negotiated and agreements in force, are bilateral7. To make
trade across country borders easier and more beneficial, some groups of countries decide
to negotiate a RTA (Feenstra 2004). According to Frankel et al. (1997) RTAs consists of
five different types of trade agreements. First, it consists of Preferential Trade Agreements
(PTA), where the member countries lower or remove tariffs on some goods, or set
quotas on imported goods from the member countries. Second, Free Trade Agreements
(FTA), is where the member countries remove all tariffs internally within the group while
maintaining their own tariffs against countries that are outside of the agreement. Third,
RTA consist of Customs Unions (CU), when a group of countries go beyond FTA and set
a common level of trade barriers against the rest of the world. Fourth, common market,

6This means that a country has comparative advantage if this country has lower opportunity cost in
the production of that good compared to other countries (Norman and Orvedal 2002).

7See World Trade Organization (2017b).
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which involves the free exchange of goods and services among members, in addition to
the free movement of factors of production, such as labor and capital. Lastly, RTA also
consists of economic unions, which go beyond the free movement of goods, services, and
factors. It involves harmonization of national economic policies, including taxes and a
common currency (World Trade Organization 2017b; Frankel et al. 1997). According to
WTO8 as of 1. September 2016, there are 267 RTAs in force.

Particularly, NAFTA is a free trade agreement setting the rules of trade between Canada,
the U.S. and Mexico, and came into force in 1994 (World Trade Organization 2017b).
The NAFTA agreement was the first free trade agreement to include a set of rules for
intellectual property rights (IPR), to strength the IPR of the member countries (Villareal
and Fergusson 2014; Park 2008). This was drafted on the basis of WTOs multilateral
agreement on Trade Related Intellectual Property Rights (TRIPS) (Terry et al. 2005).
In 1995 all future and former WTO trade agreements include the TRIPS agreement.
TRIPS introduced for the first time intellectual property rules in the multilateral trading
system (OECD 2004). The agreement sets minimum standards of intellectual property
protection, which all current and future members of the WTO must adopt and enforce
(World Trade Organization 2017a; Maskus 1997). The member countries of NAFTA have
incorporated the TRIPS agreement as well as the NAFTA provision into their national
intellectual property laws (Park 2008).

2.4 Gravity model

The gravity model is a highly successful empirical model within international trade. It
consists of a gravity equation, which is related to Newtons theory of gravitation. The
gravity equation had its first appearance in the 1960s after being first introduced by
Tinbergen (1962). Since then, it has been widely used to study international trade flows
using cross- country empirical analysis, and delivers significant results to the discussion
of what decides why countries trade. In recent years, the gravity methodology has been
applied to study other effects than trade flows, in which only a few papers apply the
method with extension to study international patent collaboration.

The main assumption of the gravity equation is that the bilateral trade between countries
i and j, is directly proportional to the product of their Gross Domestic Products (GDP),
as a measure of economic size and inversely proportional to their distance (Head and
Mayer 2013). This means that countries similar in relative economic size and relatively
close in geographical distance will trade more with each other, due to lower trade cost
(Feenstra 2004).

8See World Trade Organization (2017b).
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The traditional gravity equation is a model of bilateral trade flows where GDP, size
and distance between countries enter multiplicatively. The general gravity equation, as
presented by Head and Mayer (2013), and is known as:

Xijt = GSitMjtφijt (1)

Here Xijt is the level of trade between country i and j at time t. G is the ”gravitational
constant”, which does not depend on either of the two countries and can, for example,
show the level of liberalization in the world. Sit indicates the source countries specific
factors, such as GDP. While Mjt is the destination countries specific factors, such as GDP.
Lastly, φijt represents country i’s availability to country j’s market at time t, which might
indicate that the two countries have a trade agreement. The gravity literature in the
1980s involved discussions regarding the theoretical foundation of the gravity equation.
While in the 1990s there were discussions about its specification. In recent years, the
discussion regarding the gravity equation has moved towards the estimation techniques.
Traditionally the model in equation (1) was estimated using ordinary least squares (OLS)
techniques. However, in the recent literature Silva and Tenreyro (2006) have contributed
to this discussion, with the importance of treating the zeros in the data by using log-
linear approach and Poisson estimation.

I will use a gravity equation to estimate the effect of international collaborative patents on
RTAs while controlling for several other variables and indicators, which might affect patent
collaboration. The definition of the general gravity equation represented in equation
(1) has two important advantages. First, each term enters multiplicative and gives the
advantage of taking the natural logarithm and obtains a linear relationship between the
log number of collaborative patents, log economic size and log distance. However, this is
not necessary for estimation, but including the error term makes it possible to estimate
using ordinary least squares regression. Secondly, third country effects must be mediated
through it and jt multilateral terms (Head and Mayer 2013).
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3 Data sources

Before starting the analyses, I merged two different datasets to gather the variables and
indicators I wanted to use. The source of the patent dataset is from the European Patent
Office’s Patstat database (European Patent Office April 2015). The Patstat data include
patents filed at any patent office and contains patent applications from countries across
the world. Where one unit of observation is the number of patent collaborations between
country i and j at time t.

The patent data involves patent applications and information for where the application
was made. The average waiting time for a patent to be granted was around 44 months in
20069. I use the data regarding a patent application, due to the large time lag from the
date of application to the date the patent is granted. The patent filings include information
about specific location and nationality for each inventor. I will use this information, the
date of which the application was filed, and the patent ID to distinguish between the
different inventions. In this way, I make sure the same patent is not counted twice. This
makes it possible to find the number of collaborative patents per collaborating country
pair over time.

In addition to the patent data, I use the gravity dataset, from the geography database
belonging to the French research center in international economics, CEPII10. This dataset
includes the variables and indicators commonly used in gravity research, which I presume
will have an effect on the international patent collaborations. This is GDP, distance,
population, contiguity, free trade agreements, common language etc. for all world pair of
countries from the period 1948 - 2006. The information regarding GDP and population
mainly comes from the World Bank Development Indicators (WDI).

3.1 Merging the two datasets

Both datasets include information about the source and destination countries for each
observation (listed by ISO 3166-1 alpha-2 codes). I combine the source and destination
country codes, to find the specific four letter code for each country- pair. Thereafter, I
sum the number of patents for each country- pair by each year. Furthermore I merge the
two datasets by year and the four letter country- pair code. In this way, the data includes
both international and domestic patent collaborations for every country- pair.

The CEPII data includes more observations than the patent data. However, since it is
mostly high- income countries that collaborate with each other, it is naturally a lower

9See European Patent Office (2006).
10Centre d’Etudes Prospectives et d’Informations Internationales (CEPII) (CEPII 2017).
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amount of country- pairs in the patent data. In total, 90% of the PATSTAT data is
merged with the CEPII data. The reason why it is not 100% merged is due to, the
fact, that the patent data include observations for a few countries that no longer exist
or has changed name. This involves first, German Democratic Republic (East Germany)
which existed during the cold war period from 1949 - 1990 and became a part of the
reunification of Germany. The patents regarding this country have been included in the
patent observations for Germany. Secondly, Burma became Myanmar in 1989, and I have
therefore transferred these observations to Myanmar since Burma does not exist in the
CEPII data. There are observations for patent applications belonging to the Union of
Soviet Socialist Republics, Yugoslavia, and Czechoslovakia, which no longer exists and
became disintegrated into several different countries in the early 1990s. It is impossible
to divide the observations correctly between these countries. All patent observations
regarding the Soviet Union, Yugoslavia and Czechoslovakia are therefore not merged with
the CEPII data and are removed from the dataset. In addition, Monaco, the republic of
Serbia, Canary Island and Lichtenstein only exist in the patent data, and are not merged
either. In the CEPII data, on the other hand, there are observations for 17 countries and
islands11 that does not exist in the patent data and hence are not merged. In addition, the
PATSTAT data includes observations from 1965 - 2006, while CEPII includes data from
1948 - 2006. All observations in the CEPII data before 1965 are consequently not merged.
However, since there has been a development in the number of collaborative patents in
recent years, these problems will not cause any issues or bias for my regressions. The
merged dataset include 50 163 observations12 and by my approach, I consider the merge
between the two datasets as valid.

11Comoros, Cape Verde, Christmas Island, Western Sahara, Guinea-Bissau, Guam, Heard Island and
McDonald Islands, Marshall Islands, Northern Mariana Islands, Martinique, Norfolk Island, Palestine,
Pitcairn, Romania, Rwanda, Saint Pierre, Miquelon, Wallis and Futuna.

12List over all 209 countries included in the merged dataset can be found in appendix A.2.
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3.2 Descriptive statistics

Table 1: Summary statistics of the data

Variable Mean Std. Dev. Min. Max. N
Year 1994.138 9.92 1965 2006 50163
Number patents 155.364 2438.154 1 106015 50163
Pi1 0.084 0.198 0 1.857 50163
Pi2 0.084 0.198 0 1.857 50163
Home 1842.044 9202.710 1 106015 3363
Foreign 34.161 261.92 1 21531 46800
Distance weighted 5634.413 4666.292 0.995 19650.127 50163
GDP, country i 872380.493 1929671.452 16.632 13201819 48332
GDP, country j 872380.493 1929671.452 16.632 13201819 48332
RTA 0.235 0.424 0 1 46800
Contiguity 0.08 0.271 0 1 50163
Common official language 0.157 0.364 0 1 50163
Time difference 3.844 3.602 0 12 50163
Colony 0.075 0.263 0 1 50163
Common legal origin 0.334 0.472 0 1 50123
Common currency 0.093 0.29 0 1 50163
Note: The table includes only relevant variables that are used in the empirical analysis.

Table 7 in appendix A.1 show all the variables and their description used later in the
empirical analysis. Table 1 shows the data at focus in the time period 1965 - 2006, 42 years
in total. The mean number of collaborative patents, both domestic- and international
collaboration, is approximately 155 over this period of time. The variable home indicates
the number of domestic patent collaborations, i.e where countryi = countryj, and has
a mean of approximately 1842 patent collaborations. Foreign indicates the number of
international patent collaborations, i.e where countryi 6= countryj, and has a mean of
approximately 34 patent collaborations over the total time period. Pi1 indicates the
number of collaborative patents relative to the total number of countryi. Pi2 indicates
the number of collaborative patents relative to the total number of countryj. Since these
have a mean of 0.084, they indicate that the average number of collaborative patents,
relative to the total number of countries i or j, is 8,4%. These variables have a minimum
value of approximately 0, meaning that there are countries in the dataset that does not
collaborate.

The mean of the population weighted distance between two collaborating countries
is approximately 5634 km. The time difference variable in table 1 has a mean of
approximately 3 hours and 50 minutes, which means it is most common to collaborate
with countries where the time difference is around 4 hours and lower.

The dependent variable number patentsijt shows the number of collaborative patents
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between the country- pair ij in year t. This variable includes both domestic and
international collaboration between inventors residing in different countries. While
controlling for GDP and the dummy variable of RTA in both countries, the domestic
patent collaborations fall out of the estimation. In this way, the estimation using
number patentsijt as dependent variable only relies on the effect of international patent
collaboration between inventors residing in different countries.

The data includes 209 different countries. However, there are a lot of countries that
do not collaborate with each other in each year, such that the dataset contains a lot
of zeros in the dependent variable. Over the years there has been an increase in the
number of patents filed, which can be explained in many ways. First and foremost, the
technological development has increased the overall patenting in recent years. Secondly,
there has been a spike in the research of the biotechnology industry, which stand for a
lot of patents in the developed countries (OECD 2002). Additionally, the information
technology and software industry has expanded, which has given a rise in the number of
patent applications filed (OECD 2004). Also, the changes in the legal environment has
made the patent application process easier (World Trade Organization 2017a). There has
been more focus on funding, and venture capital organizations investing in new enterprises
which already have patents, have grown substantially (Kortum and Lerner 1999; Hall and
Lerner 2010). Moreover, within the dataset and over the time period in focus; Japan, U.S.
and Germany have the highest number of patent collaborations. However, only looking
at the international number of collaborations, the U.S., Germany, and China have the
highest number of patent collaborations.

Figure 1: The development in patent collaborations over time
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Figure 1 illustrates the development in the number of collaborative patents, both for
inventors residing in the same country and collaboration between inventors residing in
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different countries. The graph shows collaboration between all collaborating countries
included in the dataset. In the years around 1990 -1994, the international collaboration
increased more than the domestic patent collaboration.

Figure 2: The relative development in international patent collaborations over domestic
patent collaborations
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Moreover, Figure 2 illustrates the development in the relative number of international
collaborative patents over domestic. As the curve increases, the number of international
patent collaborations increase more than the number of domestic collaborations. The
figure shows that from around the 1990s until 2006, the number of international patent
collaborations has increased more than the number of domestic patent collaborations.
This indicates, that more countries depend on international collaboration in their
patenting activities, and that the bilateral knowledge flow across borders is rapidly
increasing. The average number of patent collaborations has increased three times during
the last 20 years (1986 - 2006), and more countries tend to start collaborating over time.
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4 The model and empirical strategy

The goal of this empirical analysis is to estimate the effect of RTAs on the number of
international collaborative patents, as a measure of knowledge flow. I extend the gravity
equation based on Baier and Bergstrand (2007), with the outcome number of international
collaborative patents. To control for omitted variable bias, I include several other variables
that are commonly used within gravity estimation, and listed in table 7 in appendix A.1.

4.1 The model

The dependent variable number patentsijt indicates the number of collaborative patents
between country i and j in year t. However, if i = j the patent collaboration is between
inventors residing in the same country, and will not be included in the regression. The
patent collaboration between two countries in a given year represents the output of
inventive projects as a measure of knowledge flow between two countries. Because I
assume knowledge spillovers are acquired by persons, I estimate the model at inventor
level. Such that the real knowledge exchange is between inventors. I am interested in
the effect of RTAs on knowledge flow measured through inventor collaboration. Hence,
the explanatory variable of interest is the dummy variable RTAijt, which equals unity if
there exists a RTA in place between the collaborating country- pair and zero otherwise.
Furthermore, I include GDP for the source and destination countries, to control for the
economic size of each country and provide country- specific characteristics. I include
the GDP measures in the model, because I assume that the probability of collaboration
between a country- pair depends on the size of innovative activities and economy for each
individual country. Countries with higher GDP tend to have a higher level of innovative
activities (Coe, Helpman, and Hoffmaister 1995). In addition, I also control for distance
since I assume larger distance will make it more difficult and costly for collaboration
between inventors. Moreover, I control for other variables I assume might have an effect
on international patent collaboration, which are listed in table 7 in appendix A.1..

The initial model based on the gravity methodology represented in the article by Baier
and Bergstrand (2007), and takes the following form:

Number patentsijt = β01(GDPit)β1(GDPjt)β2(Distance weightedijt)β3eDijtεijt (2)

The zeros issue in the data, is a common problem within gravity estimation and has been
widely discussed in the gravity literature. The zero observations occur because many
countries do not collaborate with each other. This issue has commonly been solved by
estimating the log- linear model, as the natural logarithm of zero is not defined. Hence,
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the zeros will be treated as missing and is not be taken into account in the OLS regression.
In this way, the estimation results will not become biased, due to, the zero observations.
Taking the natural logarithm on each side of the equation, the model becomes:

ln(Number patentsijt) = β0 + β1ln(GDPit) + β2ln(GDPjt) (3)

+ β3ln(Distance weightedijt) +Dijt + ln(εijt)

In this equation β0 is defined as ln(β01).

I control for contiguity because sharing a common border indicates closeness between the
collaborating countries. Also, countries having a common border usually have cultural
similarities. Additionally, I assume if the collaborating countries have a colonial link
or common legal origin, this would positively affect patent collaboration. This has also
links to why countries have the same official language, which additionally makes patent
collaboration easier between inventors. The more different the cultures are, the more more
difficult it is for tacit agreements to work efficiently, making collaboration more difficult
(Picci 2010). Additionally, a large number of hours difference between the collaborating
country- pair will make collaboration more difficult. Hence, I assume this will have a
negative effect. Lastly, I assume common currency will have a positive effect on patent
collaborations, because of lower transaction costs.

Dijt is defined as:

Dijt = β4RTAijt + β5Contigijt + β6Comcurijt + β7Comlang offijt (4)

+ β8Tdiffijt + β9Comlegijt + β10Colonyijt

This specification has the advantage, of an easy interpretation of the estimated parameters
in natural logarithm as the elasticities. Such that, the estimated coefficient of GDP, in
natural logarithm, is the elasticity of patent collaboration to GDP. Meaning 1% increase in
GDP following the percentage change in the number of international patent collaboration.
Additionally, the dummy variables, and all variables measured in levels can be interpreted
as the average treatment effect or semi- elasticity.
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4.2 Empirical estimation methods

To encounter the issue with unobserved variables within the data I use fixed effects. I
include GDP from the source and destination country, because these variables are assumed
to be correlated with the unobservable effects. I will use country- year specific fixed effects
estimation to control heterogeneity within the model. The fixed effects estimation method
will eliminate omitted variable bias, which can arise from both unobserved variables being
constant over time, but vary across the specific countries i and j. Or the bias may arise
from unobserved variables that are constant across countries, but vary over time.

In traditional gravity estimation, the multiplicative gravity model is linearized and
estimated using OLS. It is assumed homoscedastic errors, which means the error term
has constant variance across observations. Silva and Tenreyro (2006) explains that this
does not hold for the gravity equation due to the zeros issue and that the error terms
are in fact heteroscedastic. Using panel data methodology in the estimation of gravity
models has several advantages over cross- section analysis. First, the use of panels make
it possible to analyze the relationship among variables over time, and has the ability
to monitor the unobservable individual effects (Mart́ınez-Zarzoso and Nowak-Lehmann
2003). Estimation from panel data assumes that the errors are constant across countries
or country- pairs (Stock and Watson 2012). It consists of a combination of cross section
and time series data, and include repeated observations of the entities, in a natural order
of time. Additionally, panel data analysis is widely used as a method in social sciences
and should be used when interested in describing changes over time. This technique
adjusts for the endogeneity of the trade policy, which occurs because countries prefer to
negotiate trade policies with other countries they already trade with. As a result, RTAs
are not exogenous but a product of a naturally existing trading relationships (Baier and
Bergstrand 2007).

Typical bilateral trade data used for gravity estimation, vary over time, and among source
and destination countries. I assume that the patent data will also vary in the same
direction, since the collaborative patents vary between different countries and over time,
as explained in section 3.2. The natural logarithm of GDP is used as a proxy for lnSit and
lnMjt in equation (1). Using country- year specific fixed effects estimation yield consistent
estimates of φijt in equation (1). However, since the data vary over several years, it is
important to add time fixed effects as well, since the country specific fixed effects are not
time invariant. This method will also control for any unobservable component that might
shift the level of patent collaboration.
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4.2.1 Ordinary Least Squares estimation

Ordinary least squares estimations (OLS), has the purpose of minimizing the sum
of squared differences between the observed number of collaborative patents and the
explanatory variables. The traditional gravity model has usually been estimated by OLS
regression, as it yields intuitively appealing estimates under certain assumptions. In
sum, the OLS estimates are consistent when the regressors are exogenous, the errors are
homoscedastic, have normal distribution, mean zero and are uncorrelated with each of
the regressors. Since there are unobserved components, which might affect the number
of collaborative patents. The assumption of homoscedastic error terms might be too
strong. Hence, it might not hold and thus makes the OLS estimates inefficient. This is
the reason why the conventional OLS regression of the gravity equation have come under
scrutiny, within the gravity literature in recent years (Baier and Bergstrand 2007; Silva
and Tenreyro 2006). In addition, as the model is log- linearized, there is a loss of efficiency
due to the loss of information, as the zero observations are treated as missing. This might
cause selection bias. With this in mind, I will only use the conventional OLS regression
as a reference point.

I use time fixed effects by adding αt, which is a dummy variable for each year, to the
regression in equation (4). To make sure there are no business cycle effects differing from
one year to another, and capture the influence of aggregate trends which might affect
the explanatory variables (Mátyás 1997). This is important because time series variables
are often falsely related due to economic growth, inflation, population growth or other
aggregated trend variables. Panel regression which fails to include time fixed effect, may
unintentionally incorporate the influence of aggregate trends, which have nothing to do
with the causal relationships (Mátyás 1997). However, fixed effects capture the variation
in the data, which leads to larger standard errors.

4.2.2 Country specific fixed effect OLS estimation

Generally the conventional OLS estimation does not take into account the unobserved
variables, which will thus remain in the error term and yield biased estimates (Stock and
Watson 2012). Heterogeneity occurs because there are unobserved components affecting
the regression results. Such as common technological knowledge among the inventors,
cultural, political or ethnic factors which may affect the level of collaboration among
inventors (Cheng and Wall 2001). I therefore use fixed effects estimation to control for
the unobserved effects causing the heterogeneity bias (Angrist and Pischke 2008).

Fixed Effects regression involves subtracting the mean from each regressor, and estimate
the remaining variation (Stock and Watson 2012). Also known as the within estimation,
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in economic literature. Applying this method involves assuming the unobserved
heterogeneous component is constant over time and the specific countries. However, this
imposes restriction in the model, because the variables only varying in the same dimension
as the fixed effects cannot be included in the estimation (Stock and Watson 2012). There
might be some aspects affecting international patent collaboration that is not fixed along
time and may provoke a bias in the estimation. Consequently, I include country- year
dummies in the regression, to absorb all country specific factors including those varying
over time (Gómez- Herrera and Baleix 2009; Ruiz and Vilarrubia 2007). However, using
country- year specific fixed effects will make GDP constant since it only varies within each
country and over time.

Using country- year specific factors, the model is the same as equation (3) while Dijt

becomes:

Dijt = β4RTAijt + β5Contigijt + β6Comcurijt + β7Comlang offijt (5)

+ β8Tdiffijt + β9Comlegijt + β10Colonyijt + αit + αjt

Where αit and αjt indicates fixed effects for the respective countries i and j over time.

Fixed effects have the advantage of taking the unobserved heterogeneous component into
account. On the other hand, it also has some disadvantages: (i) The variables only varying
in the same dimension as the fixed effects will thus become perfect collinear and must be
dropped from the regression. (ii) It does not solve all the endogeneity bias because the
unobserved variables might vary in another dimension than the fixed effects. Hence, it
is not possible to secure the absence of omitted variable bias. (iii) Another weakness of
using fixed effects OLS estimation, is that it does not handle the zeros in the dependent
variable, but treats them as missing. According to Silva and Tenreyro (2006), the Poisson
model handles these naturally and accounts for heteroskedasticity. Hence, I additionally
estimate the fixed effect Poisson model.

4.2.3 Fixed effects Poisson regression

Silva and Tenreyro (2006) show that the log- linear OLS model provides biased and
inconsistent estimates when the errors are heteroskedastic13. They also argue that the log
- linearization is incompatible with the zeros in the data because the natural logarithm of
zero is not defined and will thus be dropped from the OLS regression. This may potentially
lead to sample selection bias in the OLS regressions. In this regard, Silva and Tenreyro
(2006) propose to use a Poisson estimator. This method provides a natural way to handle

13Heteroskedastic error term is a violation of the OLS assumption of homoscedastic error terms (Stock
and Watson 2012).
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the zero observations within the data. Additionally, it can take the zero observations
into account and not treat them as missing observations (Rice 2007). In addition to
being robust to different patterns of heteroskedasticity, such that it yields more consistent
estimates (Silva and Tenreyro 2006). Hence, I estimate a Poisson regression while using
country- year specific fixed effects14. I rewrite the model in equation (3) in Poisson terms,
such that the dependent variable number patentsijt is in levels while keeping all other
variables on the right- hand side the same:

Number patentsijt = β0 + β1ln(GDPit) + β2ln(GDPjt) (6)

+ β3ln(Distance weightedijt) +Dijt + ln(εijt)

Dijt is the same as in equation (5) for country specific and time fixed effects. The Poisson
model naturally includes zero observations for the country- pairs that do not collaborate
on patents. In addition, the Poisson model is consistent while using fixed effects. The
estimation of the fixed effects Poisson model allows me to interpret the coefficients,
transformed by the natural logarithm, in the same matter as the OLS estimates (Cameron
and Trivedi 2013). Even though, the dependent variable for the Poisson regression is
entered in levels and not in logarithms, the coefficients of the independent variables
entered in logarithms can still be interpreted in the same way as in the OLS regression.
The coefficient of the independent variables entered in levels can be interpreted as semi-
elasticities, also in the same way as in the OLS regression (Cameron and Trivedi 2013).

4.3 Implications

There are three important issues regarding the gravity methodology. First, the challenge of
controlling for the unobserved component can be solved by using a fixed effect framework.
Secondly, in order to incorporate the zero observations in the dependent variable, it is
beneficial to use a fixed effects Poisson model. I have elaborated on both of these issues
in earlier sections. Finally, the last issue regards the endogeneity of RTAs.

Baier and Bergstrand (2007) and Ghosh and Yamarik (2004) address the issue of
endogeneity bias due to the existence of a RTA as a product of a naturally existent
relationship. Countries that already collaborate and trade with each other, negotiate a
trade agreement such that trade and investments are made easier between the countries.
Additionally, countries which have negotiated trade agreements are usually more similar
in economic size and are geographically closer. Moreover, country- pairs who are

14I use fixed effects Poisson regression because the Poisson Pseudo- Maximum Likelihood (PPML)
command written by Silva and Tenreyro (2006) in STATA did not converge toward any solution while
including country-year fixed effects. Hence, to be consistent throughout the analyses I use fixed effects
Poisson regression, which is analogous to PPML as discussed in Montobbio and Sterzi (2013).
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geographically remote from the rest of the world, but relatively close to each other tend
to have negotiated trade agreements (Montobbio and Sterzi 2013). The error term in
the regression of equation (3), may include such unobservable effect that for example
comes from cultural differences, different patent policies or in general a lower amount of
innovation due to politics. These unobservable effects may lead the estimated coefficient of
the dummy variable RTAijt to be biased and inconsistent. However, using country- year
specific fixed effects will absorb these unobserved components, as previously discussed.

Increasing GDP has a positive effect on R&D and innovations, and will in this regard
have a higher amount of patent filings (Montobbio and Sterzi 2013). Hence, countries
with higher GDPs, will invest more in technology development and thus also collaborate
more with similar countries. Overall, the RTAs has a positive effect on the international
collaborations of patents. FDI is easier when there exists a RTA between countries. As
this will increase investment, innovation and economic growth in the other countries.
Governments tend to favor FDI, as they believe active participation by local firms will
increase the absorption of new technology (Cohen and Levinthal 1989; Griffith et al. 2004).
Which would also benefit economic growth.
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5 Empirical findings

In this section, I present the empirical findings of the estimations and investigate if
there is a causal relationship between trade agreements and the number of international
collaborative patents. I will also discuss the results and the robustness of the model while
dividing the data into different subsamples.

5.1 Key regression results

I start the econometric estimation of the log-linear model by applying conventional
ordinary least squares (OLS). Afterwards, I use OLS regression with country- year specific
fixed effects. This is a common estimation method using panel data, because it controls
for unobserved individual heterogeneity within the model. This means I assume the
unobserved component varies within each country. Furthermore, I use Poisson regression
with the same fixed effects. This method includes the zero- observations in a natural way
and allow for heteroscedasticity (Silva and Tenreyro 2006).

I will estimate the following equation by applying both OLS and Poisson and include
country- year specific fixed effects. I also use robust standard errors to correct for
heterogeneity in the error term, which means having heteroscedastic- consistent standard
errors. This gives the following regression equation:

lnNumber patentsijt = β0 + β1ln(GDPit) + β2ln(GDPjt) (7)

+ β3ln(Distance weightedijt) + β4RTAijt + β5Contigijt

+ β6Comcurijt + β7Comlang offijt + +β8Tdiffijt

+ β9Comlegijt + β10Colonyijt + ln(εijt), robust

I always control for time fixed effects, by adding a dummy variable for each year. While
in the fixed effects regressions I control for country- year fixed effects, by adding a dummy
variable for each source country by year and each destination country by year, as shown
in equation 5.
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Table 2: Key results

OLS OLS FE Poisson FE
ln GDP, country i 0.434***

(77.29)

ln GDP, country j 0.434***
(77.29)

RTA 0.046** 0.204*** 0.438***
(2.26) (7.39) (9.75)

ln Distance weighted -0.564*** -0.476*** -0.622***
(-41.02) (-24.71) (-22.63)

Contiguity 0.438*** 0.486*** 0.125***
(15.53) (19.75) (4.30)

Common official language 0.713*** 0.345*** 0.699***
(31.96) (13.40) (20.81)

Time difference 0.0953*** 0.036*** 0.0921***
(28.41) (9.38) (15.76)

Common legal origin 0.066*** 0.382*** 0.0766***
(3.69) (18.18) (3.35)

Colony 0.341*** 0.501*** 0.502***
(11.29) (16.49) (16.62)

Common currency 0.019 -0.045 0.352***
(0.55) (-1.01) (7.53)

R2 0.462 0.721
Pseudo−R2 0.932
N 27908 29286 46800
Time Fixed Effects Yes No No
Country- Pair Fixed Effects No No No
Country- Year Fixed Effects No Yes Yes
Robust t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
The dependent variable in the OLS regressions, is the natural logarithm of
the number of patent collaborations between country i and j in year t. While
the dependent variable, in the Poisson regression, is the number of patent
collaborations between country i and j in year t. The estimates of the constants
are not reported for brevity.
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The estimated coefficients in the conventional OLS regression, in the first column of
table 2, have economically and statistically significant results, except for the coefficient
of common currency. The fixed effects OLS and Poisson regression in table 2 absorb all
country and time specific variables, such as GDP. As explained in the previous section,
these variables will be constant while controlling for the heterogeneity in the dimension
they vary within. Hence, I assume that the difference in the estimated coefficients of
the two OLS regressions, are the effect of the unobserved component. The estimated
coefficients from the fixed effects OLS regression are statistically significant, also with the
exception of common currency. In addition, there is an increase in the explanatory power
of the OLS model while controlling for country specific fixed effects, as shown by the the
R2. The explanatory power, of a gravity model generally ranges from 60 to 80% (Baier
and Bergstrand 2007). The increase in R2 indicates that using country year specific fixed
effects absorbs much of the heterogeneity. While for the conventional OLS model, the
explanatory power is approximately 46%, indicating there still remains some unobserved
heterogeneity within the model.

The fixed effects Poisson regression, on the other hand, estimate the dependent variable
in levels and yield coefficients that are statistically significant from zero at 1% level.
The Poisson regression does not have an equivalent to R2 as reported for the OLS
regression. The measure pseudo−R2 is developed from log likelihood of the fitted model
and log likelihood from the null model. Meaning that the R2 from the OLS regression
is not the same as pseudo − R2. However, both measures can say something about the
explanatory power of the model. From table 2 the pseudo−R2, show a higher explanatory
power of 0.932. This indicates there are bias within the OLS regressions, due to the
zero observations not taken into account. The number of observations within the fixed
effects Poisson regression increase as compared to the OLS regression, because of the zero
observations.

The estimated coefficients, show that GDP for country i and j have a statistically
significant and positive impact on the number of collaborative patents. The results in
table 2 show that the economic size of a country has an elasticity of 0.434, such that an
10% increase in GDP will increase international patent collaboration by 4.34%. Hence,
GDP has a positive effect on the number of collaborative patents and the amount of
knowledge flows between the countries. This is also related to the gravity estimation
where GDP has a positive effect on trade, since economically larger countries tend to
trade more (Feenstra 2004). This means that an increase in economic size and trade will
lead to higher collaboration due to accessing new markets. Consequently, this leads to
more production and higher competition and increase the need for more specialization
among firms. In particular, leading to more innovation among firms increasing patent
collaboration.
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The estimated coefficient of the indicator variable RTA, is significant at 1% level in the
fixed effects OLS and Poisson regression. In the conventional OLS regression the estimated
coefficient is only significant at 5% level. However, the effect of RTA is positive on the
number of collaborative patents in all three regressions in table 2. The conventional OLS
regression in the first column of table 2 has the average treatment effect of a RTA on
the number of international collaborative patents of e(0,046) ≈ 1, 047 which means 4.7%
increase. Controlling for country- year specific fixed effects the average treatment effect
of a RTA increase up to 23%, since e(0,204) ≈ 1, 23. This indicates there are unobserved
heterogeneity in the conventional OLS regression that are not taken into account and
makes the regression biased. The estimated coefficient of RTA in the fixed effects Poisson
regression has a average treatment effect of e(0,438) ≈ 1, 55, meaning that the existence
of RTA will increase patent collaboration with 55%. This results show that the effect
increase while taking the zero observations into account, and the estimated coefficient of
RTA in the OLS regressions, are underestimated.

Personal contact is important for knowledge spillovers between inventors (Montobbio
and Sterzi 2013). In this regard, increasing distance between collaborating countries
yields higher transportation costs and will thus make it more expensive for inventors to
collaborate. The estimated coefficient of the weighted distance in table 2 show that a 10%
increase in distance reduce the number of collaborative patents by 5.6% in the conventional
OLS regression, 4.8% according to the fixed effects OLS and 6.2% according to the Poisson
regressions. The same result of distance is also found in traditional gravity estimation on
trade, because countries that are relatively close in distance tend to collaborate and trade
more with each other. This explains also why it is intuitive to expect that contiguity
or sharing a border will have a positive effect on the number of collaborative patents.
The estimated coefficients of contiguity, shown as contig in table 2, have also positive
and significant coefficient. Whereas the average treatment effect of having a common
border in the OLS regressions will increase patent collaborations between two countries
and ranges within 55% and 63%. However, in the Poisson regression, the effect is lower
and will only increase patent collaborations by 13%. Overall, this indicates that the closer
countries are geographically, the more they collaborate with each other.

Furthermore, having a common official language have also a positive effect on international
patent collaboration. In fact, having the same official language will increase the number
of collaborative patents by 41% in the country- year specific fixed effects OLS regression.
Whereas the effect is much higher in the conventional OLS regress and fixed effect
Poisson regression. Both Maurseth and Verspagen (2002) and Picci (2010) found that
patent citation and collaborations become more frequent when both countries speak the
same language. This also holds for international patent collaboration among inventors,
according to the results in table 2. Sharing cultural and historical ties can be captured by
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both common official language and colonial relationship. In particular, having a common
language is linked to the history that caused the countries to speak the same language.
This is captured by the indicator variable colony, which also has positive effect on patent
collaboration in all three regressions. In this regard, controlling for both common language
and colonial links will reduce both estimates (Head 2003). The average treatment effect
of both variables are quite high and have a positive effect on the number of patent
collaborations.

Moreover, the estimated coefficient of common legal origin and colonial link yield positive
and significant coefficients in all three regressions. Having a common legal origin and
colonial link will make trade and collaboration between firms residing in different countries
easier and thus increase the international collaborations between inventors. This also holds
with the estimates of the indicator variables common legal origin and colony in the key
results. In particular, FDI is highly affected by common legal origin and colonial links,
which in turn increase knowledge flow. This is especially important for collaborations
and FDI between multinational corporations and its subsidiaries (Montobbio and Sterzi
2013). In addition, having the same legislation of IPR, might be a result of common legal
origin between the countries. In fact, international technology collaborations increase if
the legislation on IPRs is similar between the collaborating countries (Montobbio and
Sterzi 2013).

Time difference between the collaborating countries have positive estimated coefficients.
However, it have a low effect on the international patent collaboration. Because countries
that are geographically close to each other tend to collaborate, the time difference is
between them is small as well. In this regard, it makes sense that this factor does not
have a large impact on international patent collaboration. While using country- year
specific fixed effects in the OLS regression, time difference have a lower effect compared to
conventional OLS and Poisson fixed effect regressions. However, increasing time difference
between two countries would intuitively make it more difficult to collaborate, hence it
should decrease the number of patent collaboration. Within the data, the countries
having large time difference are remote to the rest of the world and collaborate with
large countries, such as New Zealand and U.S. In this way, the remote countries having a
large time difference, still have large amount of patent collaboration, causing the estimated
coefficient to be positive. However, this variable does not take into account the varying
time difference within large countries. This might make the time difference variable to
contain some bias, making the estimated coefficient unreliable.

Currency unions have a positive effect on trade and FDI, since it involves having a common
set of trade barriers within the union (Schiavo 2007; Glick and Rose 2002; Frankel et al.
1997). In this regard, having a common currency between two collaborating countries is
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be beneficial, due to lower transaction costs. According to the empirical results from the
Poisson fixed effect regression in table 2, sharing the same currency increase international
patent collaboration by 42% and is significantly different from zero at 1% level. The same
result is found by Rose (2000), who use a large cross- country panel with the gravity
model. However, the estimated coefficient in both OLS regressions yields insignificant
coefficients of common currency.

Even though it is intuitively correct that these variables, except weighted distance, have a
positive effect on the patent collaborations the result of the conventional OLS regression
seems to biased, due to the unobserved component causing omitted variable bias and
also because it does not take the zero observation into account. Using country- year
specific fixed effects, gives different results since it absorbs much of the unobserved
heterogeneity within the model. The country- year specific fixed effects regressions have
higher explanatory power and yield more significant coefficients. Overall the results in
table 2 parallels similar findings in Picci (2010) and Montobbio and Sterzi (2013) as well
as the results of gravity estimation in Baier and Bergstrand (2007). However, for count
data Silva and Tenreyro (2006) argues that Poisson estimator is the preferred econometric
specification when the dependent variable includes many zeros, making the OLS estimates
inefficient. Subsequently, the effects are stronger in the fixed effect Poisson regression,
except for sharing a common border and time difference. Hence, I value the Poisson
regression in table 2 to give the most reliable and correct results.

The empirical results of joining a RTA, in table 2, show that there is a positive effect on
patent collaboration, which occur through several mechanisms. Firstly, RTA is beneficial
for trade by giving access to new markets, which directly increase knowledge flows through
export and import in goods and services. Trade is also a channel for information regarding
the knowledge existing in the partner countries. Secondly, accessing new markets increase
production and competition among firms. Furthermore, this would increase innovation
to e.g. produce more products at a lower price or to produce more specialized goods
or services. Eventually, this leads to more patenting and collaboration. Finally, FDI
tend to increase when joining a RTA, leading to increasing collaboration between the
parent company and its subsidiaries. In particular, FDI increase due to accessing new
endowments and high- skilled labor force, while also becoming cheaper to transfer goods
and services to the member countries.
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5.2 Robustness checks

In the following section, I divide the data into different subsamples and apply various
estimation methods. I hope to find the same results as in table 2 to secure robustness.

5.2.1 Year, source - and destination country fixed effects

Controlling for source- country i, destination- country j and time fixed effects, involves
adding a dummy variable for both countries and year. These dummy variables equals
to unity when the given source or destination country appear, and equal to unity if the
given year appears in the data. Consequently, this controls for less heterogeneity than
country- year fixed effects, since only controlling for the separate effects of time, source
and destination country. However, this method has the benefit of including GDP, since
it varies over time and within each country. The results are found in table 3.

Both regressions in table 3 have lower explanatory power, compared to the key results in
table 2. Additionally, the fixed effects OLS regression yield insignificant coefficient of RTA.
Whereas the fixed effects Poisson regression yield mostly higher estimated coefficients
compared to OLS, which also are true in traditional gravity estimation (Gómez- Herrera
and Baleix 2009). In fact, the fixed effects Poisson regression in table 3 has only lower
effect of sharing a common border and common legal origin compared to the fixed effects
OLS results. Overall, the results in table 3 are similar and vary within the same range as
the results from the country- year specific fixed effects OLS and Poisson in table 2.

The results from both regression in table 3 show that GDP is significant and have a
strong positive effect on international patent collaboration. Indicating an increase in the
economic size of a country will increase patent collaboration and thus also knowledge
flow. Because an increase in economic size tend to increase investments in R&D and
innovation, to increase productivity and within the country. This holds true in reality,
since it is the high- income countries who have the largest amount of R&D expenditure
and patents (WIPO Economics and Statistics Series 2016). Moreover, the estimated
coefficient of RTA is insignificant in the OLS regression but yield significant and positive
in the Poisson regression in table 3. It also varies within the same range as the estimated
coefficient of RTA in table 2. However, the effect is lower compared to the country- year
specific fixed effects Poisson regression. Whereas distance yields a stronger and more
negative effect within the Poisson regression compared to key results in table 2.
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Table 3: Country and time specific fixed effects

OLS FE Poisson FE
ln GDP, country i 0.293*** 0.589***

(3.80) (4.78)

ln GDP, country j 0.293*** 0.589***
(6.66) (4.78)

RTA -0.010 0.267***
(0.18) (4.92)

ln Distance weighted -0.447*** -0.649***
(-7.36) (-21.01)

Contiguity 0.537*** 0.208***
(7.17) (5.30)

Common official language 0.342*** 0.647***
(3.39) (11.02)

Time difference 0.0279** 0.083***
(2.58) (11.66)

Common legal origin 0.376*** 0.124***
(4.98) (4.13)

Colony 0.412*** 0.445***
(3.89) (13.50)

Common currency 0.083 0.169***
(0.60) (4.31)

Time Fixed Effects Yes Yes
Country i Fixed Effects Yes Yes
Country j Fixed Effects Yes Yes
R2 0.641
Pseudo−R2 0.909
N 27908 43780
Robust t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
The dependent variable, in the OLS regressions, is
ln(Number patentsijt). While the dependent variable, in the
Poisson regression, is Number patentsijt. The estimates of
the constants are not reported for brevity.

The estimated coefficients of colony and time difference are significant in both regressions
in table 3 and varies within the range of the regressions in table 2. Having a common
currency is only significant in the Poisson regression and is lower than the coefficient in
the Poisson regression in table 2. The effect of having a common legal origin is bit smaller
but almost equal to the coefficients in table 2. In total, these results vary within the range
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of the key results, indicating robustness in table 2.

5.2.2 Balanced panel and country- pair fixed effects

Many countries start collaborating after 1965 making the panel data unbalanced. This
means that there is missing information for many country- pairs. In reality there exist
more unbalanced panels than balanced, however it is still possible to apply the same
methods even though the data is unbalanced (B̊ardsen and Nymoen 2014). Moreover, a
balanced panel implies that there is a collaboration between every country- pair in each
year in the panel. The country- pairs who start collaborating or ends their collaboration
in the middle of the time period, will be removed. I will focus on the period 1995 -
2006, where all country- pairs collaborate at least once in each year. I will use both
OLS and Poisson regression methods while controlling for time and country- pair fixed
effects. Additionally, I include the same regression methods used in table 2, to compare
the estimated coefficient.

There are specific bilateral characteristics influencing the number of international
collaborative patents. Using fixed effects to control for country- pair and time
heterogeneity involves including country- pair dummy variables, which are equal to unity
each time the specific country- pair appear in the data. Remoteness is an example of
such unobserved heterogeneity, which can be controlled by including country- pair fixed
effect (Gómez- Herrera and Baleix 2009). I also include time fixed effects because these
effects can be time- varying or time- invariant, in addition, to control for business cycle
effects that might influence of aggregate trends over time, as explained in the OLS section
4.2.2. Moreover, using fixed effects to control for time and country- pair heterogeneity
assumes the unobserved determinant vary over collaborating country- pairs and are time-
invariant. The variables that are time invariant and only vary across the country- pairs
such as distance, contiguity, common language and colony will become constant and thus
omitted from the regression. In consequence, this method impose severe restriction on
the model, since it removes all time- invariant variables, even though such variables have
an effect on the international patent collaboration.

Using country- pair fixed effects exploit the time- series dimension of the dataset around
the country- pair averages. This involves adding a set of country- pair and time indicators
to the equation (4) and the term Dijt becomes:

Dijt = β4RTAijt + β5Contigijt + β6Comcurijt + β7Comlang offijt (8)

+ β8Tdiffijt + β9Comlegijt + β10Colonyijt + αij + αt

While equation (3) remain the same. The αij indicate the country- pair fixed effects.
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While αt is the time fixed effect, which control for the change per year.

Table 4: Estimations using a balanced panel for the time period 1995 - 2006.

OLS OLS FE OLS FE Poisson FE Poisson FE
ln GDP, country i 0.642*** 0.327*** 0.791**

(69.87) (4.51) (2.16)

ln GDP, country j 0.642*** 0.327*** 0.791**
(69.87) (4.51) (2.16)

RTA 0.0438 -0.00586 0.280*** -0.0401 0.449***
(1.01) (-0.08) (5.28) (-0.37) (7.18)

ln Distance weighted -0.706*** 0 -0.566*** -0.662***
(-29.07) (.) (-22.33) (-18.59)

Contiguity 0.349*** 0 0.431*** -0.00761
(8.13) (.) (12.26) (-0.22)

Common official language 0.944*** 0 0.439*** 0.773***
(26.77) (.) (11.00) (20.69)

Time difference 0.109*** 0 0.0395*** 0.107***
(16.84) (.) (6.77) (14.15)

Common legal origin 0.184*** 0 0.299*** -0.0467
(6.08) (.) (8.92) (-1.56)

Colony 0.452*** 0 0.423*** 0.363***
(10.16) (.) (10.26) (9.59)

Common currency -0.269*** 0.0452 0.182*** 0.0270 0.513***
(-7.34) (1.32) (4.80) (0.67) (10.28)

R2 0.588 0.520 0.841
Pseudo−R2 0.111 0.940
N 7674 7674 7872 7672 7872
Time Fixed Effects Yes Yes No Yes No
Country- Pair Fixed Effects No Yes No Yes No
Country- Year Fixed Effects No No Yes No Yes
Robust t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
The dependent variable in the OLS regressions is the natural logarithm of the number of international
patent collaborations between country i and j in year t. While in the Poisson regression, the dependent
variable is Number patentsijt measured in levels. The estimates of the intercepts are not reported for
brevity.

The OLS and Poisson regressions using country- year specific fixed effects has higher
explanatory power and yield more significant coefficients than the OLS and Poisson
regression using country- par and time fixed effects. The OLS and Poisson regression
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with country- pair and time fixed effects omits all time- invariant variables, even though
these variables have an important impact on international patent collaborations and might
be correlated with both RTA and a common currency. This might lead to biased estimates
of the variables RTA and common currency in table 4.

The effect of GDP within the OLS regression using time and country- pair fixed effects is
significant and smaller than the coefficients in the conventional OLS regression. Whereas
in the Poisson regression controlling for time and country- pair fixed effects, the coefficients
of GDP are large and significant only at 5% level. However, these results show that GDP
has a large effect on international patent collaboration, as discussed in section 5.2.1 and
shown in table 3.

The effect of the RTAs and common currency in the country- pair OLS and Poisson
regression in table 4 are insignificant and close to zero. This means I cannot be sure
that the effect of RTA is significantly different from zero. However, using a balanced
panel and controlling for country- year specific fixed effects yield significant and consistent
coefficients, which are very similar to the coefficients of the same model in table 2. Overall
the effect of RTA is somewhat higher compared to the coefficient in table 2. The reason
is that I now estimate the model using a smaller sample of the data, where there are
collaboration in each year, such that only the effects between collaborating countries are
estimated. Moreover, because these results are larger compared to table 2, consequently
might be the effect of increase IPRs within the RTAs after WTOs TRIPS agreement came
into force in 1995.

The estimated coefficient of the indicator variable common currency is fluctuating while
applying the different estimation methods. The estimated coefficient is insignificant
controlling for time and country- pair fixed effect using both OLS and Poisson regression.
While the estimated coefficient using conventional OLS regression yields quite strong
negative and significant result. However, the country- year specific fixed effect Poisson
regression yields opposite and significant results, which is more intuitive. This indicates
that the unobserved component make the conventional OLS coefficients biased.

In total, the estimated coefficients using a balanced panel yields results varying within the
same range as the key results in table 2. In particular, controlling for country- year specific
fixed effects provides higher explanatory power, compared to time and country- pair fixed
effects. In particular, this indicates the unobserved component varies within the country-
year specific dimension. However, the estimated coefficient of RTA is insignificant while
using conventional OLS and OLS with country- pair fixed effects.
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5.2.3 Yearly intervals

I divide the data into yearly sections using 10 year intervals.

Table 5: Country- year specific fixed effects divided into different years

1967-76 1977-86 1987-96 1997-2006
RTA -0.236*** 0.186** 0.259*** 0.198***

(-3.58) (2.51) (5.21) (4.99)

ln Distance weighted -0.0786 -0.270*** -0.418*** -0.555***
(-1.15) (-4.60) (-12.46) (-21.77)

Contiguity 0.254*** 0.423*** 0.498*** 0.590***
(3.54) (7.77) (12.06) (15.85)

Common official language 0.640*** 0.548*** 0.268*** 0.336***
(8.65) (8.96) (5.72) (9.40)

Time difference -0.00884 0.0291** 0.0163** 0.0473***
(-0.51) (2.27) (2.37) (9.54)

Common legal origin 0.639*** 0.329*** 0.518*** 0.316***
(8.46) (6.08) (13.49) (11.14)

Colony 0.245*** 0.326*** 0.627*** 0.445***
(3.15) (5.56) (10.80) (10.48)

Common currency -0.249 -0.295 -0.381*** -0.0453
(-0.85) (-1.27) (-2.78) (-0.97)

R2 0.741 0.720 0.708 0.734
N 1612 3652 8146 15640
Time Fixed Effects No No No No
Country- Pair Fixed Effects No No No No
Country- Year Fixed Effects Yes Yes Yes Yes
Robust t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Dependent variable: ln(number patentsijt). The estimates of the constants are not
reported for brevity.

The results in table 5 are mostly significant and have a high explanatory power as indicated
by R2. Whereas the explanatory power is generally the same as the key results in table
2. The results are less significant in the first 10 year interval because of there being fewer
observations.

Moreover, the estimated coefficient of the RTA dummy variable is negative in the first
interval, because there are many countries that have a large amount of patent collaboration
but has not yet negotiated a RTA during this period. However, the estimated coefficient
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of RTA increase and stabilize in the later years, with its peak in the time period 1987
- 1996. This time period includes the negotiation during the Uruguay Round in 1986 -
1994, where WTO negotiated the TIPS agreement that came into force in 1994 (World
Trade Organization 2017a; OECD 2004). Additionally, the time periods 1987 - 1996
and 1997 - 2006 include the effect of NAFTA, which came into force in 1994 (World
Trade Organization 2017b). Both agreements include rules for IPRs, making them more
harmonized and reduce the imitation risk, especially towards trade where there originally
was weak IPR (Montobbio and Sterzi 2013; Maskus 1997). This generate higher incentives
to disclose knowledge and make patent collaboration easier. This effect is shown by the
increase in the number of observations in table 5 for the last two intervals,and indicates
that more countries start collaborating. Additionally, this effect is also shown by the
increase in the estimated coefficient of RTA in the two last intervals in table 5. In addition,
during this time period, there has been a rise in the number of RTAs and their reach,
since the creation of WTO in 1995 (World Trade Organization 2017b).

Furthermore, contiguity and distance have stronger effect on the number of patent
collaborations over the yearly intervals. The estimated coefficients are significant and
reassures that the results in table 2 are robust. Having a common official language, on
the other hand, has decreasing effect over time with the strongest effect on collaboration in
the earlier years. This shows that sharing common official language was more important
for patent collaboration in earlier years. In fact, the estimated coefficient is somewhat
lower in recent years compared to the results in table 2. Also, time difference has a small,
but positive effect on collaboration, which is also consistent with the key results. Whereas,
Colony, on the other hand, has a quite high estimate especially in the period 1987- 1996.

The estimated coefficient of having a common currency is only significant in the period
1987 - 1996, but negative. This is because there are very few collaborating countries that
actually have a common currency within the data. This makes the estimated coefficient
have the opposite effect than expected. The results of table 5 can assure that the key
results of the OLS regression controlling for country- year specific fixed effects in table
2 are robust. Even though some of the estimates fluctuates over the years, the general
effect of each variable is robust and shown in table 2.

5.2.4 Dynamic Modelling

Until the 1990s, it was most common to use cross- section estimation techniques on
the gravity model (Gómez- Herrera and Baleix 2009). This involves observing many
countries over the same period of time and comparing the differences. While Mátyás
(1997) and Hummels and Levinsohn (1995) were among the first to argue the importance
of controlling for fixed effects. Applying fixed effects involves estimating the within
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variation of each variable. If t = 2 this is algebraically exactly the same as estimating the
first difference model. This method wipes out time- invariant variables and also removes
the unobserved effects within the error terms, as long as there is no serial correlation of
the idiosyncratic errors. Since it is assumed that the error εijt = cijt+uijt, where cijt is the
unobserved factor that might be correlated with the regressors, the dependent variable
or omitted variables. If the error term is serially uncorrelated, the first difference method
is more efficient. Both first difference and fixed effects estimation are used to remove
unobserved unit level effects. However, fixed effects are used more often, because it gives
smaller standard errors and thus provide more precise estimates. Furthermore, if there
are no serial correlation, the first difference model is more efficient. If on the other hand,
the error term follows a random walk process, the dynamic model is more appropriate.
While, if t > 2 the two methods are different, but both methods provide unbiased
estimates however fixed effects yields more efficient estimates under the assumption of
serially uncorrelated error terms (Angrist and Pischke 2008; B̊ardsen and Nymoen 2014).

Baier and Bergstrand (2007) explain that a panel approach adjusts for the endogeneity
of RTAs, and found that after 10 years, FTA approximately doubles the level of member
countries’ international trade. In this regard, I wish to estimate the effect of RTAs on
patent collaborations over 10 years. For this purpose, I use dynamic panel data techniques,
by subtracting the effect of each variable 10 years prior to the estimate today. In addition, I
apply conventional OLS regression while controlling for country specific fixed effects. This
model has the advantage of eliminating the effects of possible autocorrelated residuals
while controlling for heterogeneity. I only estimate 10 year intervals, which removes the
time aspect from the fixed effects. However, this will also make variables that are constant
over time, zero. In this way, the model only estimates the 10- year effect of the variables
that actually do vary over the specific time period.

Subtracting the effects of t− 10 from each variable at time t, gives the following:

∆lnNumber patentsijt = αi + αj + ∆β1ln(GDPit) + ∆β2ln(GDPjt) (9)

+ ∆β3ln(Distance weightedijt) + ∆Dijt + ∆ln(εijt)

Where Dijt is the same as in equation (4) and ∆ is the difference operator which indicates
the 10 year development, t - (t-10). ∆ln(Number patentsijt) is the 10- year development
in the natural logarithm of the number of collaborative patents between country i and j.
I will estimate this model using OLS with country specific fixed effects as indicated by αi
and αj.
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The model that is actually estimated is the following:

∆lnNumber patentsijt = αi + αj + ∆β1lnGDPit + ∆β2lnGDPjt (10)

+ ∆β3RTAijt + ∆β4Comcurijt + ∆ln(εijt)

All other variables will be zero while estimating the 10 year effect.

Dividing the data into subsamples consisting of 10- yearly intervals, will wipe out the
time aspect and address the problem with omitted variables. All time invariant variables
will be omitted in addition to the unobserved unit level effects. I will focus on the time
period 1967 - 2006 and use OLS estimation on the dynamic model as shown in equation
(10), to estimate the effects after 10 years.

Table 6: Dynamic regression

67-76 77-86 87-96 97-06
∆ln GDP, country i -1.943 0.264*** 0.107* 0.0417

(-1.28) (3.63) (1.80) (1.11)

∆ln GDP, country j -1.943 0.264*** 0.107* 0.0417
(-1.28) (3.63) (1.80) (1.11)

∆RTA 0.335*** -0.0328 0.0291 -0.0282
(2.70) (-0.53) (0.49) (-0.79)

∆Common currency 0 -1.552*** -0.917*** 0.0824**
(.) (-6.51) (-3.43) (2.28)

R2 0.566 0.286 0.345 0.352
N 316 2198 4684 9850
Time Fixed Effects No No No No
Country- Pair Fixed Effects No No No No
Country- Year Fixed Effects Yes Yes Yes Yes
Robust t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Dependent variable: ∆ln(Number patentsijt). The estimates of the constant variables
and the intercept are not reported for brevity.

Estimating the model using dynamic modeling with 10 year effects will remove all variables
that are time- invariant or has not changed over the specific time period. In fact, these
are the same variables that are omitted from the country- pair fixed effects model.

From table 6 most of the coefficients are insignificant, and the regressions have generally
a low explanatory power. The estimates of GDP is only significant at 1% level for the
period 1977 - 1986, and at 10% level for the period 1987 - 1996. However, the results are
positive and within the lower range compared to the key results in table 2.
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The results of the coefficient for the 10 year effect of RTA are only significant within the
period 1967 - 1976. Moreover, the estimate of this dummy variable is positive and higher
than the key results OLS regressions. Compared with the results of table 5, the estimate
for the same time period is negative but increasing over time.

There are fluctuating and unstable results of the effect of common currency after 10
years. However, the estimated coefficient of this dummy variable ranges within the same
direction as in both table 5 and 6. Particularly, the coefficient becomes positive in the last
period in both table 6, which includes the effect of the European Monetary Union (EMU),
which is the largest and most prominent currency union (Rose 2000). In this regard, the
effect of a large currency union will increase the international patent collaborations.

Overall the dynamic model has a low explanatory power, as shown by the R2. This is
due to, lower amount of information included in the regression, since it only estimates
the difference after 10 years. The issue with this model is that I am using an unbalanced
panel, which in this case removes two observations if there is, only missing one. Because
subtracting the effect of t - 10, relies on there being observation at both time t and time t -
10. The missing observations stems from country- pairs that do not collaborate, resulting
in possibility of there being biased the estimates. Additionally, according to the results
in table 5 and table 6, it does not seem to be a large time lag in patent applications after
joining a RTA. Intuitively, this holds true because innovation, in the form of collaborative
patent application, must take place before the firms can increase their productivity after
accessing the new market.

5.2.5 High and low income countries

I divide the data further into high- and low- income countries to investigate the difference
in patent collaborations. High- income countries are defined as knowledge producers,
because these countries have a higher amount of technology innovation since they invest
more in R&D (United Nations Educational, Scientific and Cultural Organization 2015).
In particular, this results in a higher amount of patent filings. Additionally, high- income
countries have large levels of foreign direct investment (FDI), which increase international
patent collaborations (Keller 2004). Low- income countries, on the other hand, are
the knowledge users, meaning that they use the knowledge from new technology, made
available from trading and in the patents filed by high- income countries, in which they
adapt, imitate and absorb. As a consequence, low- income countries tend to free- ride
on technology and knowledge developed in the high- income countries, to reduce the
investment costs in R&D. However, this yields a potential indirect cost since it is not
legally allowed to export goods using the exact same technology because this violates
the IPR enforced in the destination country (World Trade Organization 2017a). In this
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regard, IPRs act like a barrier for a low- income country to enter the advanced economy
markets (Auriol et al. 2012). In addition, free- riding cannot prevent others from copying
their own innovation, since there are no IPRs to protect them.

Japan, the U.S. and Germany have the highest number of international patent collaborations
within the dataset. All of which are high income countries, suggesting the initial assumption
of high- income countries having a higher amount of bilateral knowledge flow, is true.
Furthermore, among the low- income countries within the data, North Korea, Ethiopia
and Sierra Leone has the highest number of international patent collaborations. While the
countries with the highest number of domestic collaborations are North Korea, Zimbabwe
and Senegal. In fact, Afghanistan, Somalia, Mozambique and Eritrea do not have any
domestic patent collaborations at all. However, these countries do collaborate on patents
internationally with high- income countries. In addition, there are insufficient patent
filing systems among many of the low- income countries. This results in a lower amount
of information within the patent applications, hence making the data is scarce and do
not contain reliable information. Additionally, these countries have a low amount of
technological innovation, compared to high- income countries. In particular, this is shown
by the low amount of observations in the regression in table 9 in appendix A.3.2. In this
table shows that both conventional OLS and OLS using country- year specific fixed effect
yield insignificant results. Since there are a large amount of zero observations regarding
this group of countries, I disregard the OLS regression results, because of them being
unreliable and biased. Whereas the country- year specific fixed effect Poisson regression
yield more significant results.

The regressions in table 8 and 9 in appendix A.3, include patent collaborations between
high- income countries and low- income countries. In this way, the estimates of table 8
include the knowledge flows from the source countries, being high- income countries,
to the rest of the world, in addition to, international collaboration within the high-
income countries. While the regression in table 9 include the knowledge flow between
low- income countries and the rest of the world. The results in table 8 show there are a
large amount of observations for the high- income countries. Indicating, there are a large
amount of international patent collaborations within this group of countries. However,
high- income countries also exploit the low costs levels within low- income countries,
making FDI more attractive. The conventional OLS regression in table 8 yield significant
results, that resemble the results of table 2. The estimated coefficient of the indicator
variable, common currency, has only positive and significant results at 1% level in the
fixed effects Poisson regression. The R2 increases while using country- year specific fixed
effects, which means the fixed effects absorbs much of the heterogeneity and has higher
explanatory power. This shows there are unobservable components in the conventional
OLS regression, making the estimated coefficients biased. Additionally, the pseudo− R2
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is much larger for the Poisson regression with respect to high- income countries, compared
to the pseudo−R2 for the low- income countries.

The estimates of GDP in table 8 show a positive effect on the number of patent
collaborations. This is also similar to the results in the key regressions in table 2. While
GDP for the destination country has an even higher coefficient. This means increasing
GDP for the destination country will increase the patent collaboration between the two
countries. Indicating, there are larger knowledge flows between high- income countries
and countries with increasing GDP.

The estimated coefficient of RTA is positive and significant for both fixed effects Poisson
and OLS regressions with respect to high- income countries. This supports the previous
results of having a RTA between two collaborating countries will increase the number of
patent collaborations. However, the results are somewhat lower than the estimates of RTA
in table 2. While the estimated coefficient of RTA in the Poisson regression, for the low-
income countries, is negative. According to the data, there are very few trade agreements
in place among the low- income countries. Particularly, low- income countries have not
yet developed many RTAs between themselves. In fact, during this time period there are
only four different RTAs among these countries, and no trade agreements between the
high- and low- income countries. In addition, many of these countries do not collaborate,
resulting in many zeros within the data, making the results biased and inconsistent.

The estimated coefficient of distance for high- income countries yield significant results in
all regression that are quite similar to the key results in table 2. In addition, contiguity
in table 8 is only significant at 1% level in all regressions and are almost exactly the same
as in the key results in table 2, especially while controlling for country- year specific fixed
effects. In the conventional OLS regression, contiguity have a lower effect on international
patent collaboration in table 8 compared to the key results.

Furthermore, the effect of having common language has generally higher effect in both
the high and low- income regressions, compared to the key results. In fact, the results in
the low- income regression in table 9 are strongly positive and significant, using Poisson
fixed effects.

In conclusion, the results in table 8 vary within the same range as the key results in table
2. Indicating the results in table 2 are robust.

5.2.6 The North American Free Trade Agreement

The North American Free Trade Agreement (NAFTA), came into force in 1994 and
include the member countries U.S., Canada and Mexico. NAFTA is the largest free trade
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agreement outside of the European Union, and the first agreement between a developing
country and developed economies (Romalis 2007; Hufbauer 2005). To estimate the specific
effect of NAFTA on patent collaboration between the member countries, I must also
include a control group in the regression. This control group consists of three countries,
that do not have a RTA with the member countries or themselves during the time period,
such that I isolate the effect of NAFTA15. Moreover, because Mexico and Canada do not
collaborate on patents before NAFTA was signed in 1993, the panel is unbalanced for
the time period 1965 - 2006. I apply conventional OLS and use both OLS and Poisson
regression with country- year specific fixed effects. The results can be found in table 10.

Applying the same methods and time period as in key results of table 2, while only
including the member countries of the NAFTA agreement, yield different results in table
10 in appendix A.3.3. The regressions have high explanatory power, as shown by the R2

and pseudo − R2, which increase a lot while controlling for country- year specific fixed
effects. Both OLS regressions seem to be biased, due to the zero observations.

The estimated coefficient of the dummy variable, RTA, include exclusively the effect
of NAFTA on international patent collaboration. The coefficient is only significant
while applying Poisson regression with country- year specific fixed effects and is strongly
positive. This indicate that all member countries of NAFTA, have increased the number
of international collaborative patents, through more trade, accessing new markets and
stronger IPR. Consequently, this allows to conclude there also being a higher amount
of knowledge flows between the member countries, after the trade agreement came into
force.

The estimated coefficients of GDP yield positive and significant results at 1% level. This
also shows that an increase in GDP has strong and positive effect on patent collaboration.
Additionally, since NAFTA consists of two developed and one developing country, Canada
and the U.S. benefits from trading with Mexico from the low price levels in Mexico. In
fact, Mexico has become the U.S second largest trading partner (Romalis 2007). In turn,
this makes it more important for Canada and the U.S. to become more productive and
specialized do stay competitive against the low price levels in Mexico. As a result, this
increase innovation an thus patent collaboration.

In total, the results in table 10, show that the agreement has a positive effect on the
number of patent collaborations between the member countries. This also indicate that
strong IPR have positive effect on patent collaboration. In particular, international patent
collaboration increase significantly when IPR become stronger especially among inventors
residing in countries where the IPR was originally weak.

15These countries are Japan, Russia and Brazil.
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5.3 Discussion of the main findings

Patent collaboration itself is a form of knowledge interaction taking place between
inventors. However, international patent collaboration does not capture all aspects of
knowledge flows across countries. Learning costs and absorptive capacity between the
collaborating countries are examples of aspects that are not taken into account by using
this measure. In this way, the amount of knowledge flow, that occur within each patent
collaboration, fluctuates. Also, previous accumulation of knowledge is a factor depending
on the amount of new knowledge that will be absorbed. Moreover, the data on patent
collaboration used in this thesis does not consider how the inventors interact with each
other while collaborating. Previous literature have argued that face- to - face interactions
between the inventors have the advantage of providing instantaneous feedback, and
direct correction of wrong interpretation, compared to communication through email or
telephone (Keller and S. R. Yeaple 2013; Montobbio and Sterzi 2013). Additionally,
personal contact allow people to e.g. acquire information through body language and
facial expression (Keller and S. R. Yeaple 2013). Tacit knowledge is often linked to specific
persons, such that active participation in a specific network of knowledge exchange will
also generate knowledge flows (Montobbio and Sterzi 2013). Particularly, personal contact
in technological collaboration can help achieve knowledge flow between the inventors,
which means the different ways of performing the patent collaborations generate varying
amount of knowledge flow between inventors.

Furthermore, RTA has direct and positive impact on trade in high technology goods and
services, which increase knowledge flows directly. However, RTA is also a possible source
of information about destination countries to be a candidate for potential collaboration,
because joining a RTA gives access to new markets. This will additionally increase
collaboration through FDI, higher production and specialization. Moreover, FDI tend to
rise after joining a RTA due to accessing new endowments and labor force, who might have
the specific knowledge of interest (Maskus 2016). Additionally, accessing new markets
make it more important to stay competitive, increase specialization and production.
These effects will also develop more innovation, to stay competitive and generate higher
productivity. All these effects will consequently increase patent collaboration and thus
also knowledge flows. Expansion of market opportunities will also boost knowledge flows
directly through trade. Additionally, it gives information about the existing knowledge
within the trading countries through market transactions, which increase collaboration.

Recent empirical research have found that knowledge flows respond positively to a
strengthening in patent laws and other IPRs (Maskus 2012). Because increasing
intellectual protection, lowers the risk of an idea being imitated. Also, a change in
the patent framework and policy during recent years have included more subjects to
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be patented such as biotech, business models and software (OECD 2004). In this regard,
countries joining a RTA tend to increase patent applications, especially in places where
the IPR was originally weak (Maskus 2016; Montobbio and Sterzi 2013).

Within the gravity literature there are several papers written about the effect of specific
RTAs on bilateral trade. Baier and Bergstrand (2007) conclude that the effect of free
trade agreements on bilateral trade flows have a tendency to be underestimated by 75 -
80%, because of the unobservable heterogeneity within the model. In addition, Baier and
Bergstrand (2007) find on average, a FTA approximately doubles two members’ bilateral
trade after 10 years. While Head (2003) explain that a FTA would increase trade by 50%
on average. From the empirical findings in section 5, the estimated dummy coefficient
on RTAs is estimated to have approximately the same effect using country- year specific
fixed effects on international patent collaboration as shown in the key results in table 2.
According to the country- year specific fixed effects OLS regression, international patent
collaboration increase by 23% if there is a RTA in place between the collaborating country-
pair. While the result from the fixed effects Poisson regression show that the average
treatment effect of RTA is, in fact, higher and increase international patent collaboration
by 55%.

The estimated coefficient of RTA increase, when estimating OLS and Poisson regressions
using a balanced panel and country- year specific fixed effects to control for the
heterogeneity. Applying both OLS and Poisson regression with country- pair and time
fixed effects, yield insignificant coefficients of RTA and common currency. However, this
model impose severe restrictions, by omitting all time- invariant variables of the model
that intuitively do have an impact on the number of collaborative patents. Hence, I trust
the results using country- year specific fixed effects to be valid, since these control for the
country specific effects in the terms Sit and Mjt in equation (1) as discussed in section
2.4.

The dynamic model estimating the 10 year effect of a RTA, yield also insignificant
coefficients. Except for the period 1967 - 1976, which has positive and quite large
estimated coefficient of RTA. These results have overall, a low explanatory power and
are missing many observations, making the results unreliable. Moreover, dividing the
data into 10 year intervals and controlling for country- year specific fixed effects, yield
significant but fluctuating estimated coefficients. These results are increasing, with its
spike in the period 1987 - 1996. This period, includes the effect of NAFTA and WTOs
TRIPS agreement, which involved stronger intellectual property rules. This shows the
number of international patent collaborations increase when trade agreements include
rules for IPR, enforcing stronger IPRs for the inventors.

Among the high- income countries, the estimated coefficient of RTA range within the lower

44



region of the key results. While among low- income countries this estimate is insignificant
because of the small amount of patenting. Additionally, there are also few RTAs in place
among this group of countries. While the effect of NAFTA on the member countries,
yields strong, positive and significant result of trade agreements on international patent
collaboration, in the Poisson regression. This is similar to the results within the gravity
literature of free trade agreements on bilateral trade. In total, I value the estimated
coefficients of RTA in table 2 to be robust, with the fixed effects Poisson regression to
yield the most valid results.

According to Head (2003), the estimated value of GDP in gravity estimation usually
ranges within 0.7 and 1.1. This show that the effect of GDP on international patent
collaboration is lower than the effect of GDP on international trade flow. The empirical
findings from the Poisson regression in table 3, shows that using fixed effects and including
the zero observations, the estimated coefficient of GDP lies within the lower side of this
range. Additionally, the Poisson regression using a balanced panel increased the estimates.
Moreover, according to the assumption regarding the gravity equation, the distance should
be inversely proportional to trade. Meaning that the estimated effect of distance should
range between -0.7 and -1.1 (Head 2003). While the effect of increasing distance on
international patent collaborating is negative, and are inversely proportional to GDP in
the regressions. In total, both GDP and distance resembles the effects as in the gravity
methodology.

The estimated coefficient of contiguity is usually around 0.5 (Head 2003). While a country-
pair speaking the same language will increase trade two or three times more than a
country- pair speaking different languages (Head 2003). This is also linked to the history
causing the countries to speak the same language, which additionally is captured by the
colony variable. Indicating that there has been a colonial link between the countries.
In this regard, controlling for common language and colonial links will reduce both
estimates. However, the effect of both dummy variables remain quite strong, which holds
true according to my empirical findings. Also, the estimated coefficients on distance,
common language and common border from the OLS regression found by Picci (2010)
varies within the same range as the fixed effects OLS regression in the key results in table
2.

The effect of having common currency between a country- pair is positive according to
the empirical finding in the Poisson regression in table 2. Some researchers have found
the effect of sharing the same currency increase trade by three times (Frankel et al. 1997).
This seems like a quite high estimate since Glick and Rose (2002), finds that a pair of
countries joining a currency union experienced a near- doubling of bilateral trade. There is
a higher effect of having the same currency on international trade, compared to the effect
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on international patent collaboration, according to my empirical findings as represented
in section 5.

In general, using country- year specific fixed effects to control for unobserved heterogeneity,
yield significant and robust results within the range of the key results in table 2. Also,
using these fixed effects gives the largest explanatory power of the regressions. However, it
is impossible to be certain which directions the unobserved components varies. Failing to
control for this heterogeneity causes omitted variable bias, which is true especially within
the conventional OLS regression, where I only control for time fixed effects. Additionally,
the fixed effects Poisson regression has high explanatory power and yield more significant
results, compared to the OLS regressions. Consequently, the zero observations within the
data, seems to make the OLS estimates inconsistent and making the fixed effects Poisson
regression to give the most valid results.

Even though using fixed effects will control for some of the unobserved heterogeneity
within the model, there might still be an issue with the possibility of RTA being
endogenous. It is never possible to rule out that there are no omitted variable bias
left in the model. Resulting in the possibility of there being endogeneity left within RTA.
Because governments tend to sign RTAs to boost trade in goods such that import of
new technology and knowledge flow increase, which in turn can increase productivity.
Also, governments favor FDI by signing RTA. Because of the potential omitted variable
bias and the endogeneity of RTA. In this regard, I cannot conclude there being a causal
relationship between patent collaborations as a measure of knowledge flow and RTA.
However, according to the results, RTA have a positive effect on knowledge flows through
patent collaborations.
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6 Conclusion

With this thesis, I am aiming at investigating the effect of regional trade agreements on
international patent collaboration as a measure of knowledge flow, for the period 1965 -
2006. By the use of information on patent applications from the European Patent Office’s
Patstat database and gravity data from CEPII, I have applied a OLS regression method
on the full sample, before using the same framework with fixed effects OLS and fixed
effects Poisson regression methods. The main benefit is that the fixed effects Poisson
method includes the zero observation in a natural way and assist in controlling for some
of the unobserved heterogeneity, which might cause bias in the OLS regressions. To
secure robustness, I divide the sample into several subsamples. Within the literature,
there are few authors who use patent collaboration as a measure of knowledge flow in the
gravity framework. The common trend for these papers is, in my view, their focus on the
effect between advanced and emerging countries, or by using patent citation as a measure
of knowledge flow. By estimating the effect of a RTA on international knowledge flow
through patent collaboration, I contribute to the existing findings with a multinational
focus over a long time period.

I began the analysis by estimating the effect of RTAs on the number of patent
collaborations, using conventional OLS regression over the full dataset. I found the
coefficient of RTA to only be significant at 5% level, because this method does not
take the unobserved components into account. I therefore applied country- year specific
fixed effects to control for the unobserved components causing heterogeneity bias, in the
conventional OLS regression. Within this analysis, the effect of RTA became significant,
positive and stronger. In the OLS regression with fixed effects, the existence of a RTA will
increase patent collaborations by 23%. Additionally, I used Poisson including the same
fixed effects, because it allows for heteroscedastic error and include the zero observations
in a natural way. In this regard, I rely and prefer the Poisson specification, which also
makes the average treatment effect of RTA even larger. According to this regression, the
presence of a RTA between two countries increase international patent collaboration by
55%.

Even though, using fixed effects Poisson regression absorbs much of the bias within the
model, it is impossible to be certain there are no omitted variable bias left. Hence, there
might still be endogeneity within RTA that is not absorbed while using fixed effects.
Due to both of these issues still being present, I cannot conclude there being a causal
effect of having a RTA in place between two countries collaborating on new inventions.
Regardless, my main finding suggests the following: With an RTA present, this will
increase international patent collaboration by 55%.
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Furthermore, within my empirical findings, I show that there are several mechanisms
through which an RTA increase patent collaborations. Firstly, RTA increase knowledge
flows directly through trade and is a possible information channel, for the knowledge
level existing in member countries. Secondly, RTAs also affect inventor collaboration
through the importance of increasing productivity and specialization, after accessing
new markets. Finally, international patent collaborations mainly occur within the high-
income countries, as they are considered the knowledge producers. Consequently, this
group of countries play an important role facilitating knowledge flow among all countries,
both high- and low- income. Whereas, RTAs might make the knowledge flow reach
longer by making trade easier and more beneficial between the member countries. Over
the years there are more countries who initiate international patent collaborations, due
to, increasing globalization and technological development. Looking at the rate of
international patent collaboration, it increases faster than domestic patent collaboration,
as shown in figure 1.

With this in mind, my main conclusion is that, due to, the significant results found in
the empirical analyses, having a RTA in place will have a positive effect on international
knowledge flow through patent collaboration between inventors. Using the number of
international patent collaborations as the outcome variable, yield similar effects as when
using trade flows as dependent variable within a gravity equation. Additionally, I have
shown that the effect of a RTA after 1995, where it was more focus on IPRs within
multilateral trade agreements, increased international patent collaborations even more.
In this way, both the North American Free Trade Agreement and Trade Related Aspects
of Intellectual property rights agreement increased international patent collaboration
between inventors.

This field is by no means fully explored, and it would be illusive to think otherwise. For
future references, others with similar data might have different conclusions, as there is
more than one way to estimate international knowledge flows. Someone might find the
same regression method, with different fixed effects or regressors, the most reasonable
approach. Regardless, I consider my findings valid within the boundaries of my setup.
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[22] Gómez- Herrera, E. and Baleix, M. J. Are estimation techniques neutral to estimate
gravity equations? An application to the impact of EMU on third countries’ exports.
Universidad de Granada, 2009.

[23] Griffith, R., Redding, S., and Van Reenen, J. “Mapping the two faces of R&D:
Productivity growth in a panel of OECD industries”. In: Review of economics and
statistics 86.4 (2004), pp. 883–895.

[24] Grossman, G. M. and Helpman, E. “Trade, innovation, and growth”. In: The
American economic review 80.2 (1990), pp. 86–91.

[25] Hall, B. H. and Lerner, J. “The financing of R&D and innovation”. In: Handbook of
the Economics of Innovation 1 (2010), pp. 609–639.

[26] Head, K. “Gravity for Beginners”. In: Notes for University of British Columbia
(2003).

[27] Head, K. and Mayer, T. Gravity equations: Workhorse, toolkit, and cookbook. 2013.
[28] Hoekman, J., Frenken, K., and Van Oort, F. Collaboration networks as carriers of

knowledge spillovers. KITeS Working Papers 222. 2008.
[29] Hufbauer, G. C. NAFTA revisited: Achievements and challenges. Peterson Institute,

2005.
[30] Hummels, D. and Levinsohn, J. “Monopolistic competition and international trade:

reconsidering the evidence”. In: The Quarterly Journal of Economics 110.3 (1995),
pp. 799–836.

[31] Keller, W. “International technology diffusion”. In: Journal of economic literature
42.3 (2004), pp. 752–782.

[32] Keller, W. “International trade, foreign direct investment, and technology spillovers”.
In: Handbook of the Economics of Innovation 2 (2010), pp. 793–829.

[33] Keller, W. and Yeaple, S. R. Multinational enterprises, international trade, and
productivity growth: firm-level evidence from the United States. Working Paper (No.
w9504). National Bureau of Economic Research, 2003.

[34] Keller, W. and Yeaple, S. R. “The gravity of knowledge”. In: The American
Economic Review 103.4 (2013), pp. 1414–1444.

[35] Kerr, S. P. and Kerr, W. R. Global collaborative patents. Working Paper (No.
w21735). National Bureau of Economic Research, 2015.

[36] Kortum, S. and Lerner, J. “What is behind the recent surge in patenting?” In:
Research policy 28.1 (1999), pp. 1–22.

[37] Lucas, R. E. “On the mechanics of economic development”. In: Journal of monetary
economics 22.1 (1988), pp. 3–42.

50



[38] Mart́ınez-Zarzoso, I. and Nowak-Lehmann, F. “Augmented gravity model: An
empirical application to Mercosur-European Union trade flows”. In: Journal of
applied economics 6.2 (2003), pp. 291–316.

[39] Maskus, K. E. “Implications of regional and multilateral agreements for intellectual
property rights”. In: The World Economy 20.5 (1997), pp. 681–694.

[40] Maskus, K. E. Private rights and public problems: the global economics of intellectual
property in the 21st century. Peterson Institute, 2012.

[41] Maskus, K. E. Patents and Technology Transfer through Trade and the Role of
Regional Trade Agreements. Working Paper. East-West Center, 2016.
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A APPENDIX

A.1 List of the variables used in the analyses

Table 7: List of the variables and their description

Variable Description
ln(Number patentsijt) The natural logarithm (ln) of the number of

collaborative patents between country i and j in year t.
ln(GDPit) Ln of Gross Domestic Product of country i.
ln(GDPjt) Ln of Gross Domestic Product of country j.
RTAijt Dummy variable for Regional Trade Agreement,

equals 1 of there exists a trade agreement
between country i and j in year t, zero otherwise.

ln(Distance weightedijt) Ln of population weighted distance in km between
country i and j in year t. This is the weighted distance
between the most populated cities.

Contigijt Dummy variable that equals 1 if country i and j share
common border, zero otherwise.

Comcurijt Dummy variable which equals 1 if country i and j have
the same currency, zero otherwise.

Comlang offijt Dummy variable which equals 1 if country i and j have
common official primary language.

Colonyijt Dummy variable which equals 1 if country i and j have ever
been in a colonial relationship.

Tdiffij The number of hours difference between country i and j.
This variable ranges between 0 and 12.

Comlegijt Dummy variable which equals 1 if country i and j
have common legal origin.
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A.2 List of countries included the dataset

Total number of 209 countries included in the dataset:

A.2.1 Full data

Afghanistan Albania Algeria
Andorra Angola Anguilla
Antigua and Barbuda Argentina Armenia
Aruba Australia Austria
Azerbaijan Bahamas Bahrain
Bangladesh Barbados Belarus
Belgium Belize Benin
Bermuda Bhutan Bolivia
Bosnia and Herzegovina Botswana Brazil
British Virgin Islands Brunei Darussalam Bulgaria
Burkina Faso Burundi Cambodia
Cameroon Canada Cayman Islands
Central African Republic Chad Chile
China Hong Kong, SAR China Macao, SAR China
Cocos (Keeling) Islands Colombia Congo (Brazzaville)
Cook Islands Costa Rica CÃťte d’Ivoire
Croatia Cuba Cyprus
Czech Republic Denmark Djibouti
Dominica Dominican Republic Ecuador
Egypt El Salvador Equatorial Guinea
Eritrea Estonia Ethiopia
Falkland Islands (Malvinas) Faroe Islands Fiji
Finland France French Guiana
French Polynesia Gabon Gambia
Georgia Germany Ghana
Gibraltar Greece Greenland
Grenada Guadeloupe Guatemala
Guernsey Guinea Guinea-Bissau
Guyana Haiti Honduras
Hungary Iceland India
Indonesia Iran, Islamic Republic of Iraq
Ireland Israel Italy
Jamaica Japan Jordan
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Kazakhstan Kenya Kiribati
Korea (North) Korea (South) Kuwait
Kyrgyzstan Lao PDR Latvia
Lebanon Lesotho Liberia
Libya Lithuania Luxembourg
Macedonia, Republic of Madagascar Malawi
Malaysia Maldives Mali
Malta Mauritania Mauritius
Mexico Micronesia, Federated States of Moldova
Mongolia Montserrat Morocco
Mozambique Myanmar Namibia
Nauru Nepal Netherlands
Netherlands Antilles New Caledonia New Zealand
Nicaragua Niger Nigeria
Niue Norway Oman
Pakistan Panama Papua New Guinea
Paraguay Peru Philippines
Poland Portugal Puerto Rico
Qatar RÃľunion Romania
Saint-BarthÃľlemy Saint Helena Saint Kitts and Nevis
Saint Lucia Saint Vincent and Grenadines Samoa
San Marino Sao Tome and Principe Saudi Arabia
Senegal Seychelles Sierra Leone
Singapore Slovakia Slovenia
Solomon Islands Somalia South Africa
Spain Sri Lanka Sudan
Suriname Swaziland Sweden
Switzerland Syrian Arab Republic (Syria) Taiwan, Republic of China
Tajikistan Tanzania, United Republic of Thailand
Togo Tokelau Tonga
Trinidad and Tobago Tunisia Turkey
Turkmenistan Turks and Caicos Islands Tuvalu
Uganda Ukraine United Arab Emirates
United Kingdom United States of America Uruguay
Uzbekistan Vanuatu Venezuela (Bolivarian Republic)
Viet Nam Yemen Zambia
Zimbabwe Zaire Yugoslavia
East Timor
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A.2.2 Low- income countries

The World Bank divides countries in high- income, upper middle- income, lower middle-
income and low- income countries. According to The World Bank (2016)16, the low-
income countries are:

Afghanistan Benin Burkina Faso
Burundi Central African Republic Chad
Comoros Congo, Dem. Rep. Eritrea
Ethiopia Gambia Guinea
Guinea-Bissau Haiti Korea, Dem. People’s Rep.
Liberia Madagascar Malawi
Mali Mozambique Nepal
Niger Rwanda Senegal
Sierra Leone Somalia South Sudan
Tanzania Togo Uganda
Zimbabwe

16See the World Bank list of economies, December 2016: https://datahelpdesk.worldbank.org/
knowledgebase/articles/906519-world-bank-country-and-lending-groups Retrieved 06.03.2017.
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A.2.3 High- income countries

According to The World Bank (2016)17, the high- income countries are:

Andorra Antigua and Barbuda Aruba
Australia Austria The Bahamas
Bahrain Barbados Belgium
Bermuda British Virgin Islands Brunei Darussalam
Canada Cayman Islands Channel Islands
Chile Croatia CuraÃğao
Cyprus Czech Republic Denmark
Estonia Faroe Islands Finland
France French Polynesia Germany
Gibraltar Greece Greenland
Guam Hong Kong SAR, China Hungary
Iceland Ireland Isle of Man
Israel Italy Japan
Korea, Rep. Kuwait Latvia
Liechtenstein Lithuania Luxembourg
Macao SAR, China Malta Monaco
Nauru Netherlands New Caledonia
New Zealand Northern Mariana Islands Norway
Oman Poland Portugal
Puerto Rico Qatar San Marino
Saudi Arabia Seychelles Singapore
Sint Maarten (Dutch part) Slovak Republic Slovenia
Spain St. Kitts and Nevis St. Martin (French part)
Sweden Switzerland Taiwan, China
Trinidad and Tobago Turks and Caicos Islands United Arab Emirates
United Kingdom United States Uruguay
Virgin Islands (U.S.)

17See the World Bank list of economies, December 2016: https://datahelpdesk.worldbank.org/
knowledgebase/articles/906519-world-bank-country-and-lending-groups Retrieved 06.03.2017.
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A.3 Regression results

A.3.1 Regression with respect to high- income countries

Table 8: High- income countries

OLS OLS FE Poisson FE
ln GDP, country i 0.502***

(77.03)

ln GDP, country j 0.553***
(76.69)

RTA -0.0156 0.0982*** 0.205***
(3.92) (3.53) (4.70)

ln Distance weighted -0.581*** -0.520*** -0.566***
(-36.17) (-26.16) (-20.19)

Contiguity 0.341*** 0.459*** 0.123***
(11.16) (19.10) (4.35)

Common official language 0.947*** 0.335*** 0.762***
(39.42) (12.89) (22.42)

Time difference 0.0925*** 0.0423*** 0.0686***
(23.22) (9.69) (12.48)

Common legal origin -0.0166*** 0.381*** 0.0722***
(-0.83) (17.90) (3.18)

Colony 0.119*** 0.374*** 0.287***
(3.73) (13.89) (11.61)

Common currency -0.0689** -0.0718* 0.313***
(-2.03) (-1.68) (7.24)

R2 0.543 0.742
Pseudo−R2 0.9432
N 21590 22520 33553
Time fixed effects Yes No No
Country- Year Fixed Effects No Yes Yes
Robust t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
The dependent variable for the OLS regression is the natural logarithm of
the number of international patent collaborations between country i and j.
Dependent variable in the Poisson regression it is Number patentsijt. The
estimates of the constants are not reported for brevity.
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A.3.2 Regression with respect to low- income countries

Table 9: Low- income countries

OLS OLS FE Poisson FE
ln GDP, country i -0.00732

(-0.09)

ln GDP, country j -0.0256
(-0.71)

RTA 0 0 -0.985**
(.) (.) (-2.13)

ln Distance weighted -0.130 -6.22e-11 0.429**
(-0.88) (.) (2.37)

Contiguity -0.0803 2.254 1.051***
(-0.28) (.) (2.72)

Common official language 0.116 0.635 1.290***
(1.05) (.) (5.86)

Time difference 0.0597** 0.916 -0.0578
(2.11) (.) (-1.63)

Common legal origin -0.209* -2.690 0.600***
(-1.68) (.) (2.85)

Colony -0.180 0 -0.369
(-1.17) (.) (-1.49)

Common currency 0 0 -1.800***
(.) (.) (-7.06)

R2 0.401 1
Pseudo−R2 0.388
N 78 113 471
Time Fixed Effects Yes No No
Country- Year Fixed Effects No Yes Yes
Robust t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Dependent variable in the OLS regressions is ln(Number patentsijt) while for the
Poisson regression it is Number patentsijt. The estimates of the constants are not
reported for brevity.
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A.3.3 NAFTA regression results

Table 10: NAFTA

OLS OLS FE Poisson FE
ln GDP, country i 1.096***

(23.27)

ln GDP, country j 1.096***
(23.27)

RTA -0.101 -0.00316 0.608***
(-1.05) (-0.01) (2.65)

ln Distance weighted -1.472*** -0.366 -0.388
(-6.57) (-1.08) (-0.82)

Contiguity -0.763*** 0.123 -0.0904
(-3.44) (0.75) (-0.30)

Common official language 2.575*** -0.0615 -1.207***
(8.08) (-0.12) (-3.58)

Time difference 0.158*** 0.0884*** 0.0870**
(8.01) (4.42) (2.53)

Common legal origin -0.329 1.274*** 1.912***
(-1.19) (3.04) (7.11)

R2 0.788 0.971
Pseudo−R2 0.992
N 622 622 724
Time Fixed Effects Yes No No
Country- Year Fixed Effects No Yes Yes
Robust t statistics in parentheses
∗ p < 0.1, ∗∗ p < 0.05, ∗∗∗ p < 0.01
Dependent variable in the OLS regressions is ln(Number patentsijt) while for
the Poisson regression it is Number patentsijt. The estimates of the constants
are not reported for brevity. Japan, Russia and Brazil are included as a control
group, since they do not have a regional trade agreement between themselves
or any of the NAFTA member countries.
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