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Abstract 

This paper examines the effect of scaling back R&D tax credit schemes on the innovativeness 

of an economy. While prior research has tended to find a positive link between indirect R&D 

subsidies and an economy’s innovation output when a subsidy was enacted or increased, the 

effects of a reverse case, where R&D tax incentives are abandoned or reduced, remains largely 

unexamined. Using a 2010 Taiwanese R&D tax policy reform that led to a decrease in the R&D 

tax credit rate, this paper attempts to fill this research gap. Employing both a difference-in-

difference and a difference-in-difference-in-difference analysis, as well as their corresponding 

event studies, I find no adverse effect of reducing the R&D tax credit rate on the innovativeness 

of Taiwanese industries at the aggregated level and only limited adverse effects on the industry 

level. The results from this study lend support to the notion of R&D persistence and have 

important implications for policymakers to rethink R&D tax credit schemes as a temporary 

measure to boost R&D activity rather than a long-term policy tool. 
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I. Introduction 

There is widespread consensus among economists that technological change and innovation 

significantly contribute to the level of productivity, the rate of economic growth and 

consequently, the standard of living within an economy (Czarnitzki & Hussinger, 2018). As 

technological change is oftentimes introduced through advances in research and development1 

which may be underprovided given various market failures, it comes as no surprise that most 

industrialised countries dedicate significant amounts of public resources to support private 

R&D. Policies to support private R&D usually occur via two main channels, direct subsidies 

and tax incentives, the latter of which seem to have recently gained popularity: While in 1996, 

only 12 OECD countries provided some form of R&D tax incentives, in 2020, 32 out of 37 

OECD countries gave preferential tax treatment to business R&D expenditure (Appelt, Bajgar, 

Criscuolo, & Galindo-Rueda, 2020).  

 

The usefulness of R&D tax incentives has traditionally been challenged on the basis that tax 

incentives have limited scope for identifying and supporting projects with the highest expected 

social return that would not be realised in the absence of public support and the fact that tax 

incentives may adversely affect R&D project decisions made by firms (Appelt, Bajgar, 

Criscuolo, & Galindo-Rueda, 2016). Existing research has thus directed its focus on the impact 

of public R&D support programs on firms’ R&D input, output, or behaviour, with the largest 

chunk of prior research dedicated to input additionality. Most of these studies have found 

positive effects, reaching the consensus that the introduction of R&D tax subsidies, or their 

expansion, enhances both R&D expenditures of firms and R&D output. However, reverse 

situations where a policy instrument is scaled back rather than introduced or intensified remain 

largely unexplored. Given the theoretical plausibility of firms displaying R&D persistence, 

examining the effects of a reversal of public R&D support is a very interesting line of inquiry.  

 

In this paper, I evaluate the impact of a 2010 Taiwanese tax reform, that led to a reduced R&D 

tax credit rate. The Statute for Industrial Innovation2 marked the first time the Taiwanese 

government greatly reduced R&D tax benefits, replacing the previously existing combination 

of a volume- and increment-based tax credit scheme with a tax credit rate of 35% (50% in case 

the incremental portion applied to the beneficiary) with a purely volume-based scheme with a 

 
1 Henceforth referred to as R&D. 
2 Henceforth referred to as SII. 
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flat tax credit rate of 15%. While the SII was written to apply to all industries, an industry-

specific legislation act impeded its applicability to the Taiwanese biotech and new 

pharmaceuticals industry, which as a result, was the only industry to continue enjoying the 

previous, more generous R&D tax incentives. I exploit this divergent applicability of the SII to 

estimate the effect of a reversal in the R&D tax credit rate using a difference-in-difference and 

a difference-in-difference-in-difference regression approach that compares innovation output 

as measured by patent applications before and after the introduction of the SII and its reduced 

tax credit rate. My estimates are based on the identifying assumption that post-implementation 

changes in patent applications beyond those that occurred for the control industry are due to 

the reduced tax credit rate. My main result is that most industries exposed to the new, reduced 

R&D tax credit rate did not, on average, apply for fewer patents than the unaffected control 

industry. A series of subsequently performed event studies also find no lagging or leading 

effects of the SII that might have been unobservable within the binary setting of the basic 

difference-in-difference and difference-in-difference-in-difference analyses.  

 

Finally, I extend my analysis to further include a proxy for direct subsidies in a series of 

robustness checks to examine whether any potential effect of the reduced R&D tax credit rate 

on the number of patent applications might have been offset through direct government 

subsidies. While I find a positive effect of the proxy variable, which indicates a positive relation 

between direct subsidies and innovation output, I do not find direct subsidies to have offset the 

effect of the reduced tax credit rate. Furthermore, I find no significant changes to the amount 

of direct subsidies following the introduction of the SII. My robustness checks thus confirm 

my findings from the main analysis. 

 

Apart from contributing to the understanding of the link between tax incentives and R&D 

output, examining the effect of a reversal in R&D tax credits rates is also of significant 

importance to policymakers, providing a helpful reference for the formulation and revision of 

R&D tax policies. Proving the lack of persistence of the impact of tax incentive policies on 

R&D output may encourage policymakers to reassess the necessity of continuous R&D tax 

credit policies, thus improving the allocative efficiency of public funds.  

 

The rest of this paper is organised as follows. Section II gives an overview of the existing 

literature on the effect of R&D tax incentives. Section III presents Taiwan’s economic 

development and R&D policies. In Section IV, I describe the data. Section V lays out the 
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identification strategy and estimating equations. Section VI estimates the effect of the SII’s 

reduced R&D tax credit rate. In Section VII, I examine an alternative explanation for the 

observed effects through a series of robustness checks. Section VIII interprets the findings. 

Sections IX and X discuss the paper’s limitations and possible paths for future research. Section 

XI concludes. 

 

II. Literature Review on Public Support for R&D 

There exists an extensive literature on public R&D tax policies, which mostly focuses on the 

effect of introducing or enhancing existing R&D support. However, the effect of a reversal of 

an existing tax policy remains largely unexamined. Thus, this paper will contribute to the 

literature by examining the effect of a 2010 Taiwanese tax reform, which led to a decrease in 

the R&D tax credit rate, on innovativeness as measured by R&D output. To the best of my 

knowledge, this is one of the first papers to do this. Understanding the implications of a reversal 

of R&D tax policies will not only extend the existing literature on the link between R&D tax 

credit incentives and innovation output but is also of great importance to policymakers to 

improve the allocative efficiency of public resources.  

 

A. Literature on the Effectiveness of Public Support for R&D 

Recognizing the importance of R&D subsidies for an economy’s prosperity and international 

competitiveness, most governments in industrialised countries attempt to support R&D efforts 

through a variety of institutional and financial incentives 3 . Institutional R&D incentives 

encompass all policies that indirectly affect expected R&D returns by improving the conditions 

within which firms engage in R&D activities. Classic examples of institutional incentives 

include the provision of public goods used as inputs in the production of innovations or an 

effective patenting system to address appropriability problems stemming from spillovers from 

R&D activities (Center for Economic Research and Environmental Strategy, 2005). However, 

institutional incentives on their own are often considered insufficient or too blunt of a tool to 

generate the socially optimal level of R&D. Hence most countries provide additional measures 

taking the form of various financial incentives. Unlike institutional incentives, financial 

incentives directly affect firms’ anticipated net returns from investing in R&D. There exist two 

 
3 For a detailed explanation of the economic rationale for public intervention in private R&D, please refer to 

Appendix 2: Market Imperfections and the Need for Public R&D Support. 
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forms of financial incentives: Direct government funding and indirect fiscal incentives. The 

primary difference between these two policy tools runs in their execution. Direct government 

funding is usually accompanied by a government-directed project choice, either because the 

government spends the funds directly or because the funds are distributed via grants to firms 

for specific projects or research areas. Indirect fiscal incentives, on the other hand, allow firms 

more freedom in choosing their projects (David, Hall, & Toole, 2000; Bronzini & Piselli, 2016). 

Among indirect financial incentives are tax allowances, exemptions, deductions, or credit. 

While tax allowances, exemptions and deductions effectively subtract from the tax base before 

the tax liability is computed, reducing the taxable amount before assessing the tax, a tax credit 

is an amount subtracted directly from the tax liability after the liability has been computed 

(Appelt, Bajgar, Criscuolo, & Galindo-Rueda, 2016).  

 

Whether and to what extent public support for private firms’ R&D is effective has been widely 

examined in prior empirical studies. Here, the existing economic literature has been particularly 

interested in investigating whether the so-called incentive effect of public R&D support after 

its introduction or enhancement is observed in practice. In general, this line of research has 

focussed on measuring the spillover effects generated by public R&D support on private for-

profit firms’ R&D activities. These spillover effects are referred to as additionality effects and 

are divided into three sub-types: Input additionality, output additionality and behavioural 

additionality (Czarnitzki & Debackere, 2016; Ghazinoory & Hashemi, 2021). While results on 

the effect of direct subsidies have been mixed, results from empirical studies on tax subsidies 

have tended to find a positive link between the tax subsidy and firms’ R&D input and output4. 

Interestingly, however, the potential impact of a reduction rather than an implementation or 

increase in R&D subsidies remains largely unexamined.  

 

A1. Input Additionality 

Prior research efforts have primarily focused on input additionality, which refers to spillover 

effects that generate more R&D inputs, such as private R&D investment, tangible assets, or 

R&D employees (Bronzini & Piselli, 2016; Bodas Freitas, Castellaci, Fontana, & Malerba, 

2017; Ghazinoory & Hashemi, 2021).  

 

 
4 As it is not the focus of this paper, I eclipse the topic of direct government subsidies in this literature review. For 

an overview of studies focussing on the effects of direct R&D subsidies, both David, Hall and Toole (2000) and 

Zúñiga-Vicente et al. (2014) provide a great summary. 
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The main research question has been to investigate whether public support for R&D leads to 

crowding-out or crowding-in of private R&D efforts. Full crowding-out occurs when subsidies 

are perfect substitutes for private funds and thus decrease firms’ net R&D expenditure by the 

full amount of the public R&D support (Boeing, 2016). Conversely, crowding-in refers to a 

situation where public support for R&D encourages additional privately funded R&D activities 

(Zúñiga-Vicente, Alonso-Borrego, Forcadell, & Galán, 2014). From a theoretical point of view, 

arguments for both complementarity and substitutability can be made. On the one hand, since 

public R&D subsidies reduce the marginal costs and increase the profitability of R&D projects, 

they could constitute a stimulus to firms to begin R&D projects or increase the resources they 

allocate to their R&D activities. On the other hand, public support for R&D could reduce 

private R&D efforts, as the firms could substitute their financing with public funding on 

projects that they would have realised even in the absence of public support (García-Quevedo, 

2004). 

 

Empirical studies on input additionality typically gauge the effect of R&D tax subsidies by 

estimating the private R&D price elasticity, which refers to the percentage change in R&D 

resulting from the tax relief for every percentage change in its after-tax price. Alternatively, 

studies have used the incrementality ratio, which measures the change in R&D investment per 

unit of foregone tax revenue spent on R&D fiscal incentives. Most existing studies find that 

R&D tax incentives result in additional R&D investment (Appelt, Bajgar, Criscuolo, & 

Galindo-Rueda, 2016). Surveying econometric evidence from over 20 empirical studies 

published between 1983 and 1998, Hall and van Reenen (2000) find substantial evidence that 

tax credits have a positive effect on R&D spending by firms. Similarly, Bloom et al. (2002) 

use data of a sample of nine OECD countries from over 18 years between 1979 to 1997 to 

analyse the effect of fiscal incentives on the level of R&D investment. Controlling for country-

specific characteristics, world macro shocks and other policy influences, the authors conclude 

tax incentives to be an effective tool to increase R&D intensity, with a 10% decrease in the 

cost of R&D stimulating a rise of R&D spending of just over 1% in the short run and around 

10% in the long run. Carrying out a meta-regression analysis, Castellacci and Lie (2015) also 

find input additionality effects of R&D tax incentives. However, the authors further find 

additionality effects to diverge between industries, with larger effects observed for low-tech 

industries. Concerning effect size, Parsons and Phillips (2007) collect estimates from a broad 

range of studies undertaken in OECD countries between 1990 – 2006. Within this paper, the 

authors calculate a median long-run elasticity of R&D of -1.09, which implies that a 1% 



 6 

decrease in the price of R&D as induced through tax incentives would lead to a 1.09% increase 

in R&D investment. More recent estimates from the OECD are broadly consistent with this 

conclusion (Appelt, Bajgar, Criscuolo, & Galindo-Rueda, 2016). 

 

A2. Output Additionality 

Output additionality, which are the spillover effects that generate more R&D outputs such as 

increases in productivity and innovative products or services, has received far less attention 

than input additionality (Ghazinoory & Hashemi, 2021). This may at first come as a surprise 

as innovation outputs likely represent the end goal of most public support for private R&D 

activities. The reason for this may lie in the evaluation approach employed in many studies, 

which is built on the knowledge production framework where innovation is assumed to be a 

function of a set of innovative inputs such as R&D investment, the number of researchers, or 

human capital. According to this approach, incentives are supposed to enhance innovation 

outputs if they affect innovation inputs. Nevertheless, a public programme might affect 

innovation outputs even when private R&D investments or other innovation inputs remain 

unchanged.  

 

Examining the impact of R&D tax credits on innovation activities of Canadian manufacturing 

firms, Czarnitzki, Hanel and Rosa (2011) find positive effects on the direct output of R&D 

activities such as a higher number of product innovations and increased sales shares of new 

and improved products. Cappelen, Raknerud and Rybalka (2012) examine the effects of a 

Norwegian government-introduced tax-based R&D incentive on the likelihood of innovation 

and patenting. The authors find that projects benefitting from R&D tax credits resulted in the 

development of new production processes but did not appear to generate new products for the 

market or patenting. Dechezleprêtre et al. (2016) exploit a policy reform in the UK which raised 

the size threshold under which firms could access the more generous tax regime for small and 

medium-sized enterprises and find large positive effects of the tax scheme on both R&D 

activity and patents. Nilson, Raknerud and Iancu (2020) study the effects of direct and indirect 

R&D subsidies on outcome variables related to output, employment, labour productivity and 

profitability in Norway. The authors find no statistically significant output additionality for 

firms that regularly engage in R&D activities but find positive output additionality for firms 

that have not previously conducted R&D activities. 
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A3. Behavioural Additionality 

Behavioural additionality refers to changes in the way firms conduct R&D in response to a 

public policy. It is a line of research that has only received nominal attention. During the early 

2000s, however, there have been a series of empirical studies conducted under the sponsorship 

of the OECD’s Working Party on Innovation and Technology Policy (TIP). Reviewing the 

evidence obtained through these studies suggests that several behavioural additionality effects 

can be encouraged through public R&D support. Amongst these effects were the accelerated 

completion of business R&D projects, expanded project scale and scope, greater involvement 

in R&D collaborations, a greater likelihood to pursue follow-up projects and improved 

management (OECD, 2006). 

 

B. R&D Persistence 

While the existing literature on the effectiveness of R&D tax subsidies has widely found a 

positive effect on R&D input, output, and firm behaviour, these studies have almost exclusively 

focussed on cases where the R&D subsidy was first introduced or amended in a way that 

increased R&D tax benefits to the recipient firms. The reverse case where R&D tax subsidies 

have been scaled back has remained largely unexamined. 

 

From a theoretical perspective, the effect of a reduction in R&D subsidies is not clear cut as a 

simple reversal to a negative effect on R&D is not a given due to firms’ potential R&D 

persistence. In the presence of R&D persistence, firms would be less sensitive to a decrease in 

R&D subsidies as they are rigid regarding their R&D efforts. The existing theoretical literature 

discusses several conceptually distinct reasons for the existence of R&D persistence: A first 

potential reason is related to the idea that success breeds success, meaning that past R&D 

successes are likely to positively affect future R&D outcomes as they influence firms’ choice 

probabilities regarding R&D activities. A second reason for R&D persistence stems from the 

use of knowledge that has been accumulated from the performance of R&D activities, 

regardless of whether these activities have been successful or not. As firms engage in R&D 

activities, they not only gain insights that might spur future R&D efforts but also develop the 

necessary organisational competencies to successfully carry out future research projects thus, 

effectively increasing the probability of future R&D successes. Large sunk costs associated 

with R&D activities constitute a third potential reason for R&D persistence. Firms conducting 

R&D typically incur costs from technological adaptation, organisational changes and the 
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training or hiring of qualified R&D personnel. These costs would be irredeemable if firms did 

not realise any R&D successes. Therefore, firms may have an incentive to continuously invest 

in R&D to increase the probability of recovering their initial investments (Triguero & Córcoles, 

2013). Finally, a continuous improvement of processes and products through advancements in 

R&D may be of long-term strategic importance to firms experiencing competitive pressures 

(Duguet & Monjon, 2004; Yang, Huang, & Chang, 2021). Several prior empirical studies have 

shown R&D persistence to exist for countries such as Germany (Peters, 2009), the Netherlands 

(Raymond, Mohnen, Palm, & Schim van der Loeff, 2010) and Spain (Triguero & Córcoles, 

2013).  

 

C. Contribution 

As outlined in the above review of the existing literature on R&D tax subsidies, there exists a 

clear gap in research concerning the effect of a reduction in R&D tax subsidies on R&D, 

especially on R&D output. To the best of my knowledge, only two empirical studies have 

examined this issue, both focussing exclusively on the effect of the subsidy reversal on R&D 

input and both coming to differing conclusions. Chen and Lie (2018) examine the same 2010 

tax reform used in this paper to analyse its impact on R&D input. Using a multivariate 

regression model and a DD analysis, the authors find an adverse effect of the reduced R&D tax 

credit rate both on corporate R&D expenditure, as well as on firm value. Contrary to Chen and 

Lie (2018), Yang, Huang and Chang (2021) employ a multivariate regression model controlling 

for firm characteristics and find no overall significant effect on firms’ R&D expenditure. 

However, the authors find considerable differences in the treatment effect of the R&D tax 

reversal on R&D spending between R&D-intensive and less R&D-intensive firms. However, 

as outlined in the section on output additionality, R&D spending is unlikely to constitute a 

policy goal in itself. The prime interest is rather the output of the R&D efforts as there might 

be factors enhancing or mitigating the effects of the policy other than pure R&D expenditure. 

In this empirical study, I will thus make use of the 2010 Taiwanese tax reform, which led to a 

reduction in Taiwan’s R&D tax credit rate and will examine its effect on R&D output. By 

focussing on output additionality rather than input additionality I hope to be able to better 

examine the effects of such a policy reversal and to fill the identified research gap. 
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III. Context and Description of the 2010 Taiwanese Tax Reform 

As one of the so-called Asian tigers, Taiwan has undergone rapid economic growth since the 

1960s, which has significantly impacted the composition of its GDP. Initially an economy 

heavily reliant on the agricultural sector, the share of manufacturing industries in Taiwan’s 

GDP increased significantly during the 1950s and 1960s due to the rapid growth of food 

processing, textiles, and electrical manufacturing. The 1970s saw a decline in the importance 

of these industries and a relative increase in industries such as petrochemicals, metals, and 

machinery, which was subsequently followed by the development of the information and 

technology industry. During the 1980s, Taiwan’s economic development began to enter the 

technology-intensive stage. This period has been marked by strong government support for 

applied technological development, most notably through fiscal incentive schemes (Mah, 

2015). 

 

The first important fiscal incentive scheme for investors was the Statutory Encouragement of 

Investment (SEI) which was in place between 1961 and 1990 and available to both domestic 

as well as foreign companies. The primary goal of the SEI was to encourage investment into 

areas considered vital for economic development. Which areas were considered to be “vital” 

changed throughout the program: During the 1960s, the focus was on encouraging the 

establishment and enlargement of exporting industries, on capital-intensive industries during 

the 1970s, and on encouraging technology-intensive industries in the 1980s. The corporate 

income tax rate for ordinary productive enterprises was reduced in 1977 from 30% to 25%, 

while important, productive industries were eligible for a corporate income tax ceiling of 22% 

in 1981 and 20% since 1987 (Mah, 2015). 

 

In 1990, the Taiwanese government decided to discontinue the encouragement of targeted 

products and industries. Consequently, substantial modifications were made to the system of 

tax incentives and the specific industry-oriented SEI was replaced with the Statute for the 

Upgrading of Industry (SUI) in 1991. The SUI was one of the most important tax incentives to 

promote industrial R&D, technological upgrading, and economic development in Taiwan. 

Unlike its predecessor, the SUI did not provide special tax treatment to specific industries but 

provided tax benefits to all industries for certain types of investments, which included 

investments into R&D and manpower training. Within the SUI Art. 5, 6, 8 and 9 are the key 

articles pertaining to tax incentives, including accelerated depreciation. Of particular interest 
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for this paper is Art. 6 of the SUI, which lists the rules for R&D tax credits and describes the 

SUI’s tax policy as a combination of volume and increment-based schemes. According to the 

volume-based scheme, 35% of R&D expenditure could be claimed in tax credits against the 

total payable amount for five years. Moreover, the tax credits included an incremental share, 

which was equal to 50% of the increase in R&D if the current year’s R&D expenditure 

exceeded the average for the previous two years (Yang, Huang, & Hou, 2012; Mah, 2015; Chen 

& Li, 2018). Yang, Huang and Hou (2012) found that the steadily increasing trend of R&D 

expenditure in Taiwan was accompanied by an accelerating trend for using R&D tax credits 

since the late 1990s which suggests that firms conducting R&D actively used this fiscal 

incentive. Despite the increase in R&D expenditures by private firms since the 1990s, the SUI’s 

generous tax incentives have been the subject of criticism due to three main reasons: Firstly, 

the SUI contributed to a moderate share of the annual total tax revenue loss incurred by the 

government of Taiwan, leading to a deterioration in Taiwan’s fiscal budget (Chen & Li, 2018). 

Secondly, R&D investments were widely recognized as intangible assets of the firm or the 

R&D performer. This was considered particularly valid for high-tech firms, which were argued 

to be able to maintain their R&D momentum regardless of tax credit provisions. Thirdly, 

developed countries often provide credit rates lower than Taiwan’s 35% to 50% tax credit rate 

or subsidize only incremental R&D expenditure, which again questions the necessity of 

Taiwan’s generous tax credit scheme (EY, 2013 - 2019; Yang, Huang, & Chang, 2021). These 

considerations eventually led the Taiwanese government to repeal the SUI. 

 

Following the phase-out of the SUI, the Statute for Industrial Innovation (SII) was enacted in 

2010 and first implemented in tax returns in 2012. Compared to its predecessor, the SII is more 

function-oriented and has a focus on encouraging innovative activity. One specific feature of 

the SII is the considerable reduction in the tax credit rate and tax deduction period. The SII 

cancels most tax incentives except for the R&D tax credit, which is reduced to a flat rate of 15% 

without any increments. Hence, the introduction of the SII revised the combination of volume- 

and increment-based schemes in the SUI to a purely volume-based scheme with a much lower 

tax credit rate. Art. 10 of the SII states that a company can receive tax credits of up to 15% of 

its total R&D expenditure against the total payable amount of corporate tax in the year that the 

tax is incurred. This tax credit is capped at 30% of the total payable tax and cannot be carried 

forward to subsequent years. This constituted the first time the Taiwanese government greatly 

reduced the tax incentive for firms’ R&D expenditures (Chen & Gupta, 2017; Chen & Li, 2018).  
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It is to note that while the SII was written to apply to all industries, there is one industry, namely 

the biotech and new pharmaceuticals industry, that remains unaffected by the implementation 

of the SII through a previously implemented industry-specific legislation act. The Act for the 

Development of Biotech and New Pharmaceuticals Industry is the only legislation act that 

enabled a specific industry to continue to enjoy the SUI’s tax incentives after the SUI was 

replaced with the SII in 2010. Art. 3 of the act, which was implemented in 2007 and recently 

extended until 2031, defines the biotech and new pharmaceuticals industry as the industry that 

deals in new drugs, high-risk medical devices and emerging biotech and pharmaceutical 

products to be used by human beings, animals and plants (Laws & Regulations Database of the 

Republic of China, 2007; Chen & Li, 2018)5. The empirical study in this paper will make use 

of the discrepancy in the applicability of the SII to the Taiwanese biotech and new 

pharmaceuticals industry and other Taiwanese industries to gauge the effect that the 

implementation of the SII, and its connected lower R&D tax credit rate, had on the R&D output 

of Taiwanese industries. 

 

IV. Data 

A. Data Sources and Data Preparation 

My main data source is the number of patent applications under the Patent Cooperation Treaty6 

from the OECD database, which lists patents by country and by international patent 

classification 7 . The IPC, in turn, organises patents according to the different areas of 

technology to which they pertain. I then group the individual IPC codes according to their 

NACE category, which is a statistical classification of economic activities, to form meaningful 

industry groups. To group IPC codes into their corresponding NACE categories, I mainly rely 

on the Concordance IPCV8-NACE Rev. 2 published by Eurostat (2015). In a limited number 

of cases, I deviate from the Concordance IPCV8-NACE Rev. 2 to better capture Taiwan’s 

definition of the biotech and new pharmaceuticals industry8. Organising the patents by NACE 

 
5 The term “new drugs” refers to drugs that contain a new ingredient or have a new pharmaceutical effect or a new 

administration method as verified by the central competent authorities. “High-risk medical devices” are class III 

medical devices or a type of class II medical devices requiring clinical trial for approval. Examples of such high-

risk medical devices include pacemakers, coronary stents, or artificial heart valves. Finally, “emerging biotech 

and pharmaceutical products are biotech or pharmaceutical items defined as emerging with strategic development 

direction (Laws & Regulations Database of the Republic of China, 2007). 
6 Henceforth referred to as PCT. 
7 Henceforth referred to as IPC. 
8 Appendix 3: IPC and NACE Rev. 2 outlines this grouping of the IPCs into NACE Rev. 2 categories and notes 

on deviations from the Eurostat conversion table. 
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category reduces the number of patent groups from over 600 IPC subclasses to 20 industries. 

Finally, to allow for a more straightforward interpretation of regression estimators, the natural 

logarithm of patent counts will be used in the analysis. For calculation purposes, I assume a 

minimum annual number of 0.0001 patents for each industry.  

 

For the later performed robustness checks, I use OECD data on business expenditures on R&D 

from government sources (GBERD) to proxy for direct R&D subsidies. The data is at the 

NACE industry level and is expressed in 2015 dollars, thus ensuring constant prices and 

purchasing power parity (PPP). To transform GBERD into GBERD per capita, I then use 

population data from both the World Bank and the National Statistics of the Republic of China 

(Taiwan). 

 

B. Patent Applications as a Proxy for R&D Output 

The use of patent-based indicators as a measure for R&D output is commonly used in economic 

studies as the close relationship between patents and innovative output is widely recognized, 

and patents are a rich source of data (OECD, 2001). However, there are no best practices for 

using indicators from patent data. The following section will thus explain the use of patent 

counts as the dependent variable in this study in more detail and draw attention to some of the 

benefits and shortcomings of using patent counts as a proxy for R&D output. 

 

From a statistical point of view, patent indicators encompass a series of advantages: They have 

a close link to innovation as there are few major innovations that have not been patented. 

Furthermore, patents cover a broad range of technologies and provide a wealth of data. 

However, patents are also subject to certain drawbacks as indicators of R&D activity. Most 

importantly, not all R&D results are patentable, and the propensity to patent varies between 

countries and industries. Therefore, filings can only serve as a proxy for R&D output, without 

being a perfect measure for innovation. Furthermore, the value distribution of patents is skewed 

as many patents have no industrial application and thus no value to society, whereas others are 

of substantial value. Given this heterogeneity, patent counts that assume patents to be of equal 

or comparable value might be misleading as an indicator. Finally, differences in patent 

regulations across countries and changes in patent law may make a direct comparison difficult. 

However, carefully choosing the data source and the patent office under which the patent is 

filed will allow controlling for these weaknesses to at least some extent (OECD, 2001). 
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To avoid biases associated with purely national statistics, this study will use the number of 

patent applications filed under the PCT as its output variable. The PCT allows patent applicants 

to simultaneously seek protection for an innovation in currently 153 contracting states without 

having to apply for a patent at each national patent authority (OECD, 2001). As the purpose of 

this study is to identify the impact of a cut in R&D tax credits on R&D output, I will use the 

patent application date as the reference date for a patent. Since the application date is closer to 

the actual invention date, it is a more appropriate indicator than patent grants. In other words, 

the patent application occurs closer to the change in the R&D tax credit policy, requiring a 

shorter observation period for the empirical study.  

 

V. Identification Strategy and Estimating Equations 

The previously mentioned discrepancy in the applicability of the SII to the Taiwanese biotech 

and new pharmaceuticals industry and other Taiwanese industries provides a quasi-

experimental setting that allows for examining the effect of the reduction in tax credits on R&D 

output in Taiwan. This section will detail the methodology, by first introducing the 

identification strategy before detailing the empirical model employed in this study. 

 

A. Identification Strategy 

A fundamental difficulty in any policy evaluation, as one of the processes in making causal 

inference, stems from the fact that one cannot observe what would have happened in the 

absence of the policy. One common way to deal with this problem is to use quasi-experiments, 

which are experiments that lack random assignments of units into treatment and control groups 

but that apart from this non-randomness are similar in purpose and structural attributes to 

randomized experiments (Shadish, Cook, & Campbell, 2002). In the case of Taiwan, where the 

treatment is the reduction in R&D tax credits under the SII, there is a non-random assignment 

of industries into the treatment and control group. The treatment group consists of industries 

that are affected by the SII’s reduction in tax credits, while the control group consists of the 

one industry that is not affected, the biotech and new pharmaceuticals industry.  

 

There are several possible ways in which to perform policy evaluations using a quasi-

experimental design. This study will make use of the difference-in-difference (DD) analysis 

and event study to analyse the effect of the introduction of the SII on the R&D output of 
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Taiwanese firms9. My main outcome of interest is the number of patent applications. The first 

difference compares this outcome across treated industries and the biotech and new 

pharmaceuticals industry, which acts as the control industry. If the change in outcome that 

occurs within the control industry before and after the policy change occurred can successfully 

capture the effect of other relevant factors, which I assume to be similar to the treatment group, 

I can estimate the pure effect of the reduced R&D tax credit rate (Ho, 2006). The Taiwanese 

biotech and new pharmaceuticals industry is a useful control group for the SII’s reduced R&D 

tax credit rate as it would have been exposed to all other economic events and changes 

happening in Taiwan during the observation period, but remained unaffected by the SII 

program.  

 

Additionally to the DD analysis, I will repeat the analysis employing the difference-in-

difference-in-difference (DDD) method using the Republic of Korea as another control group. 

The DDD method is an extension of the DD method that allows for the comparison of 

differences between the treated and untreated industries between an economy subject to the 

2010 tax reform and one that remains unaffected. Using a DDD approach has the advantage 

that it may help to difference out potential biases in the DD estimators. Simply comparing the 

treated Taiwanese industries to the untreated Taiwanese biotech and new pharmaceuticals 

industry does run the risk of low validity in the event of unobserved inter-industry spill-overs 

or trends.  

 

B. The Parallel Trends Assumption 

Both the DD and DDD method rely on the assumption that the difference between the treatment 

and control groups observed in the base period would have been maintained absent the 

treatment. While this so-called parallel trends assumption cannot be observed and thus tested 

for, it is possible to support this assumption by testing for parallel trends before the treatment 

took place. This can be done both graphically and formally.  

 

B1. Testing for Parallel Pre-Trends in a Difference-in-Difference Setting 

For the formal test of parallel pre-trends in the DD setting, I regress the output variable patents 

per industry and year (with the eight years of data being years 1 to 8) for the years prior to the 

 
9 Other common statistical methods include the matching method, the instrumental variable (IV) method and the 

regression discontinuity design (RDD). 
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reduction in tax credits (2004-2011) on industry dummies and a year variable as well as their 

interaction term. If pre-trends are truly parallel, then the estimates for the double-interaction 

terms should be zero. I will run two pre-tests, one basic DD pre-test, which groups industries 

into treatment and control industries and one detailed DD pre-test which includes the treatment 

industries individually, by including a dummy variable for each NACE industry. 

 

Table 1 below gives the regression output for the basic DD pre-test. The coefficient estimate 

for the double-interaction term is very close to zero, with the null hypothesis that the true 

estimate of the double-interaction variable is zero not being rejected at the conventional levels 

of significance.  

 

Table 1 - Testing for Parallel Pre-Trends - Basic DD 

Dependent variable: log(number of patent applications by industry and year) 

Predictors Estimates p 

(Intercept) 3.04 
(2.65) 

0.252 

Not_C21 -3.21 
(2.72) 

0.240 

Year 0.14 
(0.52) 

0.787 

Not_C21 * Year 0.02 
(0.54) 

0.963 

Observations 160 

R2 / R2 adjusted 0.050 / 0.032 

Notes: The pre-test uses OECD data on the number of annual patent applications per 
industry for the eight years before the SII was implemented in tax returns in 2012 
(2004-2011). Each observation corresponds to the log of the number of patent 
applications by industry and year. The eight years included in the pre-test are coded as 
Years 1 to 8. Not_C21 refers to all industries other than the control industry (biotech 
and new pharmaceuticals). Standard errors are in parentheses. 

 

Table 1: Testing for Parallel Pre-Trends – Basic DD10 

 
10  C21 is the NACE Rev.2 code that most closely resembles Taiwan’s definition of the biotech and new 

pharmaceuticals industry. Not_C21 thus constitutes all industries that are not the biotech and new pharmaceuticals 

industry, or in other words, all industries within the treatment group. For a full overview of what IPC codes are 

combined under which NACE industry, please refer to Appendix 3: IPC and NACE Rev. 2. 



 16 

I perform a similar formal pre-test at a less aggregated level, including industries individually 

rather than grouped into treatment and control group. As shown in Table 2, the double-

interaction terms are again not significant. I find that I do not reject the null hypothesis of 

parallel trends. However, for some double interaction terms, the estimate, while not significant, 

is quite far away from zero, thus warranting a further investigation. Using the graphical 

approach, I observe slightly diverging trends or strong fluctuations in the pre-intervention 

period for the industries C101112 – Manufacture of Food, Beverages and Tobacco Products, 

C161718 – Manufacture of Wood, Cork and Paper Products as well as Printing, C19 – 

Manufacture of Coke and Refined Petroleum, C24 – Manufacture of Basic Metals, C30 - 

Manufacture of Other Transport Equipment, F42 – Civil Engineering and J62 – Computer 

Programming, Consultancy and Related Activities11 . While none of the interaction terms 

pertaining to these industries is significant and most diverging trends are very small, I will 

exclude these industries from all further detailed DD analyses, where I examine the impact of 

the SII at the industry-level to avoid potential biases.  

 

 

 
11 The graphical approach is included in Appendix 4.1: Graphical Approach. 
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Table 2 - Testing for Parallel Pre-Trends – Detailed DD 
(Excerpt of Regression Output) ___ 

Dependent variable: log(number of patent applications by 
industry and year) 

Predictors Estimates p 

C101112 * Year 0.18 (0.52) 0.734 

C131415 * Year 0.06 (0.52) 0.909 

C161718 * Year -0.15 (0.52) 0.776 

C19 * Year 0.46 (0.52) 0.380 

C20 * Year -0.04 (0.52) 0.935 

C22 * Year 0.06 (0.52) 0.910 

C23 * Year 0.11 (0.52) 0.835 

C24 * Year -0.40 (0.52) 0.448 

C25 * Year -0.06 (0.52) 0.911 

C26 * Year -0.03 (0.52) 0.958 

C27 * Year 0.00 (0.52) 0.996 

C28 * Year -0.07 (0.52) 0.889 

 
12 The full regression output for the parallel pre-trends test can be found in 

Appendix 4: Testing for Parallel Pre-trends (DD) using the Graphical and Formal 

Approach. 

C29 * Year -0.09 (0.52) 0.864 

C30 * Year 0.17 (0.52) 0.745 

C31 * Year 0.10 (0.52) 0.851 

C32 * Year 0.03 (0.52) 0.955 

F42 * Year -0.27 (0.52) 0.599 

F43 * Year 0.05 (0.52) 0.920 

J62 * Year 0.37 (0.52) 0.484 

Observations 160 

R2 / R2 adjusted 0.639 / 0.522 

Notes: The pre-test uses OECD data on the number of annual 
patent applications per industry for the eight years before the 
SII was implemented in tax returns in 2012 (2004-2011). Each 
observation corresponds to the log of the number of patent 
applications by industry and year. The eight years included in 
the pre-test are coded as Years 1 to 8. Industries other than the 
control industry (biotech and new pharmaceuticals) are 
indicated by their three-figure NACE code. Standard errors are 
in parentheses. 

 

Table 2: Testing for Parallel Pre-Trends - Detailed DD (Excerpt of Regression Output)12 
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B2. Testing for Parallel Pre-Trends in a Difference-in-Difference-in-Difference Setting 

Similarly to the DD method, the DDD approach assumes parallel trends. However, parallel 

trends in the DD setting do not necessarily translate to parallel trends within a DDD setting as 

for the DDD analysis, parallel trends have to hold for the differences between the two DD 

analyses. The existence of parallel pre-trends can again be tested using both a graphical and a 

formal approach. I use a formal approach for testing parallel pre-trends akin to the one 

performed above. I again run two pre-tests, one basic DDD pre-test, which groups industries 

into treatment and control industries and one detailed DDD pre-test which includes the 

treatment industries individually, by including a dummy variable for each NACE industry. 

 

Table 3 below gives the regression output for the basic DDD pre-test. The coefficient estimate 

for the double-interaction term is very close to zero, with the null hypothesis that the true 

estimate of the triple-interaction variable is zero not being rejected at the conventional levels 

of significance. I again perform a similar formal pre-test at a less aggregated level, including 

industries individually rather than grouped into treatment and control groups. As shown in 

Table 4, the triple-interaction terms are again close to zero and not significant. I find that I do 

not reject the null hypothesis of parallel trends13. However, for the industries C101112 – 

Manufacture of Food, Beverages and Tobacco Products, C161718 – Manufacture of Wood, 

Cork and Paper Products as well as Printing, C19 – Manufacture of Coke and Refined 

Petroleum, C24 – Manufacture of Basic Metals, F42 – Civil Engineering and J62 – Computer 

Programming, Consultancy and Related Activities, the estimates are further away from zero. 

Combining the insights from this formal approach with the insights gained from the graphical 

approach leads me to exclude these industries from all further detailed DDD analyses, where I 

examine the impact of the SII at the industry-level14. 

  

 
13 The full regression output for the parallel pre-trends test can be found in Appendix 5.2: Formal Approach. 
14 The graphical approach is included in Appendix 5.1: Graphical Approach. 
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Table 3 - Testing for Parallel Pre-Trends - Basic DDD 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 5.68 
(2.03) 

0.005 

Not_C21 -1.77 
(2.08) 

0.397 

Year 0.13 
(0.40) 

0.748 

CountryDummy -2.64 
(2.87) 

0.359 

Not_C21 * Year 0.01 
(0.41) 

0.973 

Not_C21 * CountryDummy -1.44 
(2.95) 

0.625 

Year * CountryDummy 0.01 
(0.57) 

0.982 

(Not_C21 * Year) * 
CountryDummy 

0.01 
(0.58) 

0.985 

Observations 320 

R2 / R2 adjusted 0.390 / 0.376 

Notes: The pre-test uses OECD data on the number of annual patent applications per 
industry for the eight years before the SII was implemented in tax returns in 2012 
(2004-2011). Each observation corresponds to the log of the number of patent 
applications by region, industry and year. The eight years included in the pre-test are 
coded as Years 1 to 8. Not_C21 refers to all industries other than the control industry 
(biotech and new pharmaceuticals). CountryDummy15 is a dummy variable that takes 
on a value of 1 for an observation from Taiwan, and a value of 0 for an observation from 
Korea. Standard errors are in parentheses. 

 

Table 3: Testing for Parallel Pre-Trends - Basic DDD16 

 

 
15 The term “CountryDummy” is used to distinguish between Taiwan and the Republic of Korea. Readers be 

advised that throughout this study the term “country” carries no political connotation and is to be understood 

exclusively as reference for an economy. 
16  C21 is the NACE Rev.2 code that most closely resembles Taiwan’s definition of the biotech and new 

pharmaceuticals industry. Not_C21 thus constitutes all industries that are not the biotech and new pharmaceuticals 

industry, or in other words, all industries within the treatment group. For a full overview of what IPC codes are 

combined under which NACE industry, please refer to Appendix 3: IPC and NACE Rev. 2. 
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Table 4 - Testing for Parallel Pre-Trends – Detailed DDD 
(Excerpt of Regression Output) __ 

Dependent variable: log(number of patent applications by 
region, industry and year) 

Predictors Estimates p 

(C101112 * Year) * 
CountryDummy 

0.24 (0.52) 0.646 

(C131415 * Year) * 
CountryDummy 

0.07 (0.52) 0.901 

(C161718 * Year) * 
CountryDummy 

-0.09 (0.52) 0.861 

(C19 * Year) * CountryDummy 0.36 (0.52) 0.488 

(C20 * Year) * CountryDummy -0.04 (0.52) 0.945 

(C22 * Year) * CountryDummy 0.06 (0.52) 0.916 

(C23 * Year) * CountryDummy 0.09 (0.52) 0.865 

(C24 * Year) *CountryDummy -0.47 (0.52) 0.368 

(C25 * Year) * CountryDummy -0.08 (0.52) 0.877 

(C26 * Year) * CountryDummy -0.06 (0.52) 0.903 

(C27 * Year) * CountryDummy -0.05 (0.52) 0.931 

(C28 * Year) * CountryDummy -0.03 (0.52) 0.956 

(C29 * Year) * CountryDummy -0.15 (0.52) 0.770 

(C30 * Year) * CountryDummy 0.07 (0.52) 0.887 

(C31 * Year) * CountryDummy 0.13 (0.52) 0.805 

(C32 * Year) * CountryDummy 0.02 (0.52) 0.964 

(F42 * Year) * CountryDummy -0.23 (0.52) 0.658 

(F43 * Year) * CountryDummy 0.10 (0.52) 0.853 

(J62 * Year) * CountryDummy 0.27 (0.52) 0.601 

Observations 320 

R2 / R2 adjusted 0.802 / 0.737 

Notes: The pre-test uses OECD data on the number of annual 
patent applications per industry for the eight years before the 
SII was implemented in tax returns in 2012 (2004-2011). Each 
observation corresponds to the log of the number of patent 
applications by region, industry and year. The eight years 
included in the pre-test are coded as Years 1 to 8. Industries 
other than the control industry (biotech and new 
pharmaceuticals) are indicated by their three-figure NACE 
code. CountryDummy is a dummy variable that takes on a value 
of 1 for an observation from Taiwan, and a value of 0 for an 
observation from Korea. Standard errors are in parentheses. 

 

Table 4: Testing for Parallel Pre-Trends – Detailed DDD (Excerpt of Regression Output) 
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C. Empirical Strategy 

In a first step, the effect of exposure to the SII’s reduction in R&D tax credits is estimated by 

the following DD model 

 

ln(𝑝𝑖𝑡) =  𝛼 + 𝛽 ∗ 𝐼𝑖 ∗ 𝑆𝐼𝐼 + 𝛾 ∗ 𝐼𝑖 + 𝛿 ∗ 𝑆𝐼𝐼 + 𝜀𝑖𝑡 

 

Equation 1: DD Model 

 

where ln(𝑝𝑖𝑡) is the natural logarithm of the outcome variable of interest corresponding to 

industry 𝑖 in year 𝑡, 𝐼𝑖 is an indicator variable for the industry, which takes a value of 0 for the 

biotech and new pharmaceuticals industries and a value of 1 for other industries and 𝑆𝐼𝐼 is the 

post-treatment dummy, taking on a value of 0 for observations before the implementation of 

the SII and a value of 1 for observations after the implementation. I will use the year 2012 as 

the implementation year of the SII, as this was the first year the new R&D tax policy was 

implemented in firms’ tax returns. The key variable of interest within this estimation is the DD 

estimator 𝛽, which measures the average impact of the SII’s reduced R&D tax credit rate after 

its introduction. 

 

I will complement this analysis with an event study to examine whether there are potential 

effects of the implementation of the SII that occur before or after the implementation of the SII. 

The reason for this is that while the SII was first implemented in tax returns in 2012, it was 

already introduced in 2010 and announced to firms prior to this date. It is thus possible, that 

firms adjusted their R&D activities in anticipation of the introduction of the SII. Similarly, it 

is possible that firms had a delayed response to the introduction of the SII as R&D activities 

constitute medium- to long-term decisions and can thus not be immediately adjusted. An event 

study thus allows to uncover the timing of any potential effects in a way that a conventional 

DD does not. The dynamic effect of the introduction to the SII is estimated by the following 

model 

 

ln(𝑝𝑖𝑡) = 𝛼 + ∑ 𝛽𝑗 ∗ (𝐼𝑖 ∗ 𝐿𝑎𝑔 𝑗)𝑡

8

𝑗=2

+ ∑ 𝛾𝑘 ∗ (𝐼𝑖 ∗ 𝐿𝑒𝑎𝑑 𝑘)𝑡

7

𝑘=0

+ 𝛿 ∗ 𝐼𝑖 + 𝜆𝑡 + 𝜀𝑖𝑡 

 

Equation 2: DD Event Study Model 
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where ln(𝑝𝑖𝑡)  once again is the natural logarithm of the outcome variable of interest 

corresponding to industry 𝑖 in year 𝑡, 𝐼𝑖 is an indicator variable for the industry and (𝐿𝑎𝑔 𝑗)𝑡 

and (𝐿𝑒𝑎𝑑 𝑘)𝑡  are binary variables indicating the number of years before and after the 

introduction of the SII respectively. 𝐽 = 8 and 𝐾 = 7 lags and leads are included respectively, 

with a single lag variable being omitted to capture the baseline difference between industries 

subject to the SII’s reduced R&D tax credit rate and industries not subjected to the policy 

change. The baseline omitted case is the first lag, where 𝑗 = 1. Finally, 𝜆𝑡 indicates the year 

fixed effects and 𝜀𝑖𝑡 is the unobserved error term. The main parameters of interest within this 

estimation are the dynamic DD estimators 𝛽𝑗 and 𝛾𝑘 (Clarke & Schythe, 2020). 

 

In a second step, I will expand upon the DD analysis and its corresponding event study, by 

using a DDD approach, where I compare the double difference between the treated and 

untreated Taiwanese industries (see DD analysis above) to the same double difference in the 

Republic of Korea, which did not introduce the SII program. This allows me to ensure that any 

true effect of the SII’s reduced tax credit rate is not hidden or distorted due to industry spillovers. 

The Republic of Korea17 is useful as a control group as both Korea and Taiwan, as so-called 

Asian tigers, underwent similar economic development during the last decades. Additionally, 

Korea has established a mature R&D tax incentive regime through the Tax Incentives 

Limitation Law (TILL), which was enacted in 1999. The country currently provides various 

R&D incentives to encourage R&D activities, most notably its R&D tax credit rate, which 

amounts to 2% of current R&D expenses for large firms, 8% for medium-scale companies and 

25% for small-and-medium-sized enterprises (Ministry of Strategy and Finance, Korea, 2012; 

EY, 2013 - 2019). 

 

The effect of exposure to the SII’s reduction in R&D tax credits is estimated by the following 

DDD model 

 

ln(𝑝𝑖𝑡𝑐) =  𝛼 + 𝛽 ∗ 𝐼𝑖 ∗ 𝑆𝐼𝐼 ∗ 𝑇 + 𝛾 ∗ 𝐼𝑖 ∗ 𝑆𝐼𝐼 + 𝛿 ∗ 𝐼𝑖 ∗ 𝑇 + 𝜃 ∗ 𝑆𝐼𝐼 ∗ 𝑇 + 𝜗 ∗ 𝐼𝑖 + 𝜌 ∗ 𝑆𝐼𝐼

+ 𝜎 ∗ 𝑇 + 𝜀𝑖𝑡 

 

Equation 3: DDD Model 

 

 
17 Henceforth referred to as Korea. 
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where 𝑇 is a binary variable with a value of 0 for an observation from Korea and a value of 1 

for an observation from Taiwan. The interpretation of the remaining variables remains the same 

as for the DD model detailed in Equation 1 above. The key variable of interest within this 

estimation is the DDD estimator 𝛽, which measures the average impact of the SII’s reduced 

R&D tax credit rate after its introduction. I will once more complement this analysis with an 

event study to uncover potentially leading or lagging effects of the implementation of the SII. 

The dynamic effect of the introduction to the SII is estimated by the following model 

 

ln(𝑝𝑖𝑡𝑐) = 𝛼 + ∑ 𝛽𝑗 ∗ (𝐼𝑖 ∗ 𝐿𝑎𝑔 𝑗 ∗ 𝑇)𝑡

8

𝑗=2

+ ∑ 𝛾𝑘 ∗ (𝐼𝑖 ∗ 𝐿𝑒𝑎𝑑 𝑘 ∗ 𝑇)𝑡

7

𝑘=0

+ ∑ 𝛿𝑗 ∗ (𝐼𝑖 ∗ 𝐿𝑎𝑔 𝑗)𝑡

8

𝑗=2

+ ∑ 𝜃𝑘 ∗ (𝐼𝑖 ∗ 𝐿𝑒𝑎𝑑 𝑘)𝑡

7

𝑘=0

+ ∑ 𝜗𝑗 ∗ (𝐿𝑎𝑔 𝑗 ∗ 𝑇)𝑡

8

𝑗=2

+ ∑ 𝜇𝑘 ∗ (𝐿𝑒𝑎𝑑 𝑘 ∗ 𝑇)𝑡

7

𝑘=0

+ 𝜌 ∗ 𝐼𝑖 ∗ 𝑇 + 𝜑 ∗ 𝐼𝑖 + 𝜔 ∗ 𝑇 + 𝜆𝑡 + 𝜀𝑖𝑡 

 

Equation 4: DDD Event Study Model 

 

I will run two versions of the DD and DDD models each: First, a basic estimation which simply 

groups industries into the biotech and new pharmaceuticals industry and all other industries18 

and a more detailed estimation which includes the treated industries individually. In the case 

of the basic estimation, the industry indicator variable 𝐼𝑖  will take a value of 0  for the 

unaffected biotech and new pharmaceuticals industry and a value of 1 for all other industries. 

In the case of the detailed estimations, the industry indicator variable 𝐼𝑖 will still take a value 

of 0  for the unaffected biotech and new pharmaceuticals industry but I will include an 

individual dummy variable for each included industry. This set-up will allow me to first 

identify the overall effect of the reduced tax credit rate before examining whether there exist 

differences in the impact of the SII’s R&D tax credit rate reduction amongst industries. 

 

 
18 That is industries being subject to the SII’s R&D tax credit. 
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VI. Results and Interpretation 

A. Difference-in-Difference (DD) Analysis and Event Study 

In a first step, I run the basic DD model as specified in Equation 1, where the industry indicator 

𝐼𝑖  takes a value of 0  for the control group, the by the SII unaffected biotech and new 

pharmaceuticals industry, and a value of 1 for all other industries. The regression output for 

the basic DD analysis is presented in Table 5 below.  

 

Table 5 - Regression Output Basic DD 

Dependent variable: log(number of patent applications by industry and year) 

Predictors Estimates p 

(Intercept) 3.68 
(1.16) 

0.002 

IndustryDummy -3.09 
(1.19) 

0.010 

SII 0.96 
(1.70) 

0.573 

IndustryDummy * SII -0.37 
(1.75) 

0.832 

Observations 300 

R2 / R2 adjusted 0.053 / 0.044 

Notes: The regression output is for the basic DD model as specified in Equation 1. Each 
observation corresponds to the log of the number of patent applications by industry 
and year. The IndustryDummy indicates whether an industry was subject to the SII, 
taking a value of 1 for an observation from a treated industry, and a value of 0 for an 
observation from the untreated biotech and new pharmaceuticals industry. SII is the 
post-treatment dummy. Standard errors are in parentheses. 

 

Table 5: Regression Output Basic DD 

 

The coefficient estimate for the industry dummy 𝐼𝑖 is negative and significant at the 1%-level 

of significance. This implies that before the introduction of the SII and its associated lower tax 

credit rate, the treated industries already tended to have a lower number of patent applications 

than the control industry. The post-treatment dummy 𝑆𝐼𝐼 is positive, which would imply an 

increase in the average number of patent applications from the control industry after the SII 

intervention. However, this estimate is not significant at the conventional levels of significance, 

thus excluding it from further assessment. Finally, the key variable of interest, the DD estimator, 
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which indicates how much the average number of patent applications has changed for the 

treated industries after the intervention in the form of the SII, is negative. This would imply a 

decrease in the average number of patent applications for the treated industries after the SII 

was introduced. However, the DD estimator is not significant, so that no negative effect of the 

reduced tax credit rate can be concluded from this regression output. Additionally, as indicated 

by the model’s low adjusted R-squared value, the fit of the model is poor, meaning that I am 

not able to explain much of the variation observed in the data with the basic DD model 

employed.  

 

To ensure that no lagged or leading effects of the implementation of the SII are masked due to 

the binary nature of the initial basic DD analysis, that only compares the average number of 

patent applications in the pre- and post-intervention period, I expand on this basic DD analysis 

with an event study by including year-fixed effects instead of the post-treatment dummy 𝑆𝐼𝐼. 

The double interaction terms are presented in Table 6 below. None of the interaction estimates 

are significant, both for the years before and after the SII was introduced, which negates any 

changes or trends following or preceding the intervention. This suggests that overall, the SII 

and its associated reduction in the R&D tax credit rate had no lagging or leading effect on 

innovation output by Taiwanese firms. This conclusion is further supported by the fact that the 

event study has an adjusted R-squared lower than the basic DD model. In fact, the adjusted R-

squared value is below zero, which suggests that the model employed in this study does not fit 

the data better than an intercept-only model. This indicates that the interaction variables do not 

help to explain the variation within the dependent variable. These findings are further 

visualised in Figure 1 below, which plots the estimates for the interaction terms together with 

their 95%-confidence intervals over time. 
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Table 6 – Excerpt of Regression Output Basic DD Event 
Study 

Dependent variable: log(number of patent applications by 
industry and year) 

Predictors Estimates p 

IndustryDummy * Lag_8 0.22 (4.91) 0.965 

IndustryDummy * Lag_7 -0.20 (4.91) 0.967 

IndustryDummy * Lag_6 -0.41 (4.91) 0.934 

IndustryDummy * Lag_5 1.34 (4.91) 0.786 

IndustryDummy * Lag_4 0.31 (4.91) 0.949 

IndustryDummy * Lag_3 0.53 (4.91) 0.915 

IndustryDummy * Lag_2 0.16 (4.91) 0.974 

IndustryDummy 
*Implementation_Year 

1.18 (4.91) 0.810 

IndustryDummy * Lead_1 0.35 (4.91) 0.944 

IndustryDummy * Lead_2 0.45 (4.91) 0.928 

IndustryDummy * Lead_3 -0.58 (4.91) 0.905 

 
19 The full regression output including the estimates for the year-fixed effects for 

the event study is included in Appendix 6: Regression Output DD Analyses and 

Corresponding Event Studies 

IndustryDummy * Lead_4 -0.77 (4.91) 0.875 

IndustryDummy * Lead_5 -0.29 (4.91) 0.952 

IndustryDummy * Lead_6 -1.22 (4.91) 0.804 

Observations 300 

R2 / R2 adjusted 0.083 / -0.015 

Notes: The regression output is for the basic DD event study as 
specified in Equation 2. Each observation corresponds to the 
log of the number of patent applications by industry and year. 
The IndustryDummy indicates whether an industry was 
subject to the SII, taking a value of 1 for an observation from a 
treated industry, and a value of 0 for an observation from the 
untreated biotech and new pharmaceuticals industry. Lags and 
leads refer to the number of years before or after the 
implementation of the SII respectively. Standard errors are in 
parentheses. 

 

Table 6: Excerpt of Regression Output Basic DD Event Study19 
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Figure 1: Estimates and 95%-Confidence Intervals Basic DD Event Study 

 

Thus, I did not find any significant effects of the SII and its reduced R&D tax credit rate on 

R&D output as measured by patent applications at the aggregate level. However, as industries 

likely vary in both their R&D intensity and R&D maturity, it is possible that the SII’s reduced 

R&D tax credit rate did have an effect at the industry level. I thus repeat the analysis using the 

detailed DD model to examine whether there exist individual industries that were affected by 

the reduced R&D tax credit rate.  

 

The double-difference estimates based on Equation 2 are presented in Table 720. The double 

difference estimates are non-significant for most industries, which is in line with the findings 

from the previously performed basic DD analysis and event study according to which the SII’s 

reduced R&D tax credit rate did not have a significant impact on R&D output. However, for 

four industries, namely C25 – Manufacture of Fabricated Metal Products except Machinery 

and Equipment, C29 – Manufacture of Motor Vehicles, Trailers and Semi-Trailers, C31 – 

Manufacture of Furniture and F43 – Specialised Construction Activity, the estimates are 

negative and significant at the 10% level of significance. This suggests an adverse effect of the 

SII’s reduced R&D tax credit rate on R&D output in these industries. Further examining the 

effect by conducting a simple event study with only these affected industries, reveals that the 

 
20 The full regression output is included in Appendix 6: Regression Output DD Analyses and Corresponding Event 

Studies. 
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largest increase in the differences between the number of patent applications for the control 

industry and industries C25, C29, C31 and F43 occurs in year 3 after the intervention21. 

 

Table 7 – Excerpt of Regression Output Detailed DD  

Dependent variable: log(number of patent applications by industry and year) 

Predictors Estimates p 

C131415 * SII 0.10 (0.42) 0.820 

C20 * SII -0.43 (0.42) 0.302 

C22 * SII -0.27 (0.42) 0.516 

C23 * SII -0.58 (0.42) 0.165 

C25 * SII -0.78 (0.42) 0.066 

C26 * SII -0.26 (0.42) 0.528 

C27 * SII -0.48 (0.42) 0.251 

C28 * SII -0.60 (0.42) 0.154 

C29 * SII -0.84 (0.42) 0.047 

C31 * SII -1.07 (0.42) 0.011 

C32 * SII -0.29 (0.42) 0.495 

F43 * SII -0.79 (0.42) 0.060 

Observations 195 

R2 / R2 adjusted 0.872 / 0.854 

Notes: The regression output is for the detailed DD model as specified in Equation 1. 
Each observation corresponds to the log of the number of patent applications by 
industry and year. Industries other than the control industry (biotech and new 
pharmaceuticals) are indicated by their three-figure NACE code. Only industries for 
which the null hypothesis of parallel pre-trends could not be rejected are included in 
the analysis. SII refers to the post-treatment dummy. Standard errors are in 
parentheses. 

 

Table 7: Excerpt of Regression Output Detailed DD 

 

 
21 The full regression output of the performed event study, as well as a graphical representation of its findings are 

included in Appendix 6: Regression Output DD Analyses and Corresponding Event Studies. 
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Thus, while I did not find a significant effect of the SII and its reduced R&D tax credit rate on 

the number of patent applications at the aggregate level, the subsequently performed detailed 

DD analysis suggests that some individual industries might have been adversely affected by 

the reduced R&D tax credit rate. I follow up on this observation, by expanding the analysis to 

a DDD setting. 

 

B. Difference-in-Difference-in-Difference (DDD) Analysis and Event Study 

The DD analysis performed in the previous section did not find significant effects of the SII at 

the aggregate level and only found a significantly negative effect for a limited number of 

industries. To ensure that the true effect of the SII’s reduced R&D tax credit rate is not hidden 

due to inter-industry spillovers I further examine the issue using a DDD approach, where I 

compare the double difference between the treated and untreated Taiwanese industries (see DD 

analysis above) to the same double difference in the Republic of Korea, which did not introduce 

the SII tax reform.  

 

The regression output for the basic DDD analysis is presented in Table 8 below. Both the 

industry dummy and the Taiwan dummy are negative and significant at the 10% and 5% levels 

of significance respectively. This implies that the treatment industries tended to be on average 

less likely to apply for a patent than the biotech and new pharmaceuticals industry before the 

SII was implemented. Similarly, Taiwanese industries overall tended to apply for fewer patents 

than their Korean counterparts prior to the intervention. The key variable of interest, the DDD 

estimator, is negative but not significant meaning that the difference between the two DDs did 

not change significantly between the pre- and the post-intervention periods. This is in line with 

the findings from the basic DD analysis performed in the previous section and suggests once 

more that at the aggregate level, the SII and its associated lower R&D tax credit rate did not 

have a significant effect on the number of patent applications. It is noteworthy to observe, that 

extending the initial DD estimation to a DDD estimation also largely increased the model’s 

overall significance as seen from the larger adjusted R-squared value. The DDD model is thus, 

able to explain a greater portion of the variation observed in the dataset than the basic DD 

model. 

 

The complementary basic DDD event study confirms the insights obtained from the basic DDD, 

as none of the triple difference estimators presented in Table 9 are significant, and no trend 
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regarding the development of the DDD estimates over time exists. This insight is further 

illustrated in Figure 2 below, which shows stable estimates for both the pre- and post-

intervention period that are close to zero throughout the observation period.  

 

Table 8 – Regression Output Basic DDD 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 6.26 
(0.90) 

<0.001 

IndustryDummy -1.70 
(0.92) 

0.066 

Taiwan -2.58 
(1.27) 

0.043 

SII 0.72 
(1.32) 

0.587 

IndustryDummy * Taiwan -1.39 
(1.31) 

0.288 

IndustryDummy * SII -0.01 
(1.35) 

0.997 

Taiwan * SII 0.25 
(1.86) 

0.896 

(IndustryDummy * Taiwan) 
* SII 

-0.37 
(1.91) 

0.849 

Observations 600 

R2 / R2 adjusted 0.404 / 0.397 

Notes: The regression output is for the basic DDD model as specified in Equation 3. Each 
observation corresponds to the log of the number of patent applications by region, 
industry and year. The IndustryDummy indicates whether an industry was subject to 
the SII, taking a value of 1 for an observation from a treated industry, and a value of 0 
for an observation from the untreated biotech and new pharmaceuticals industry. 
Taiwan is a dummy variable, taking a value of 1 for an observation from Taiwan and a 
value of 0 for an observation from Korea. SII is the post-treatment dummy. Standard 
errors are in parentheses. 

 

Table 8: Regression Output Basic DDD 
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Table 9 - Excerpt of Regression Output Basic DDD Event 
Study 

Dependent variable: log(number of patent applications by 
region, industry and year) 

Predictors Estimates p 

(IndustryDummy * Taiwan)* Lag_8 0.34 (5.39) 0.949 

(IndustryDummy * Taiwan)* Lag_7 -0.25 
(5.39) 

0.964 

(IndustryDummy * Taiwan)* Lag_6 -0.37 
(5.39) 

0.945 

(IndustryDummy * Taiwan)* Lag_5 1.39 (5.39) 0.797 

(IndustryDummy * Taiwan)* Lag_4 0.33 (5.39) 0.952 

(IndustryDummy * Taiwan) * Lag_3 0.57 (5.39) 0.916 

(IndustryDummy * Taiwan) * Lag_2 0.07 (5.39) 0.990 

(IndustryDummy * Taiwan)* 
Implementation_Year 

1.13 (5.39) 0.834 

(IndustryDummy * Taiwan) * Lead_1 0.34 (5.39) 0.949 

(IndustryDummy * Taiwan) * Lead_2 0.43 (5.39) 0.936 

 
22 The full regression output is included in Appendix 7: Regression Output DDD 

Analyses and Corresponding Event Studies 

(IndustryDummy * Taiwan) * Lead_3 -0.65 
(5.39) 

0.903 

(IndustryDummy * Taiwan) * Lead_4 -0.70 
(5.39) 

0.897 

(IndustryDummy * Taiwan) * Lead_5 -0.23 
(5.39) 

0.965 

(IndustryDummy * Taiwan) * Lead_6 -1.07 
(5.39) 

0.843 

Observations 600 

R2 / R2 adjusted 0.422 / 0.359 

Notes: The regression output is for the basic DDD event study 
as specified in Equation 4. Each observation corresponds to the 
log of the number of patent applications by region, industry and 
year. The IndustryDummy indicates whether an industry was 
subject to the SII, taking a value of 1 for an observation from a 
treated industry, and a value of 0 for an observation from the 
untreated biotech and new pharmaceuticals industry. Taiwan 
is a dummy variable, taking a value of 1 for an observation from 
Taiwan and a value of 0 for an observation from Korea. Lags 
and leads refer to the number of years before or after the 
implementation of the SII respectively. Standard errors are in 
parentheses. 

 

Table 9: Excerpt of Regression Output Basic DDD Event Study22 
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Figure 2: Estimates and 95% Confidence Intervals - Basic DDD 

 

I will again also run a more detailed DDD analysis to ensure that aggregating industries did not 

mask trends within industry groups and to examine whether the negative effect of the SII 

observed for some industries in the previous DD setting is also observed in a DDD setting. 

 

The triple-difference estimates of the impact of the SII’s reduced R&D tax credit rate, based 

on Equation 3 are presented in Table 10 below. I again find the triple-difference estimates to 

be non-significant for most industries, which is in line with the findings from the previously 

performed basic DDD analysis and event study according to which the SII’s reduced R&D tax 

credit rate did not have a significant impact on R&D output. However, similarly to the detailed 

DD analysis performed in the previous section, where industries were included individually 

rather than as one treated group, the detailed DDD reveals that the SII had a significantly 

negative effect for some industries, namely C25 – Manufacture of Fabricated Metal Products 

except Machinery and Equipment, C29 – Manufacture of Motor Vehicles, Trailers and Semi-

Trailers and C31 – Manufacture of Furniture. Interestingly, industry F43 – Specialised 

Construction Activities, which was found to be negatively affected by the SII’s reduced tax 

credit rate in the DD setting, is non-significant in the DDD setting. This suggests that the 

relative increase in the difference in patent applications between this industry and the biotech 

and new pharmaceuticals industry was not only observed in Taiwan, but also in Korea, which 

in turn implies that the SII’s reduced R&D tax credit rate cannot be the cause for this effect. 
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Table 10 – Excerpt of Regression Output Detailed DDD 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(C131415 * Taiwan) * SII 0.45 (0.49) 0.359 

(C20 * Taiwan) * SII -0.55 (0.49) 0.255 

(C22 * Taiwan) * SII -0.18 (0.49) 0.713 

(C23 * Taiwan) * SII -0.74 (0.49) 0.128 

(C25 * Taiwan) * SII -0.88 (0.49) 0.071 

(C26 * Taiwan) * SII -0.27 (0.49) 0.585 

(C27 * Taiwan) * SII -0.64 (0.49) 0.192 

(C28 * Taiwan) * SII -0.41 (0.49) 0.397 

(C29 * Taiwan) * SII -0.96 (0.49) 0.050 

(C30 * Taiwan) * SII -0.67 (0.49) 0.168 

(C31 * Taiwan) * SII -0.97 (0.49) 0.048 

(C32 * Taiwan) * SII -0.38 (0.49) 0.432 

(F43 * Taiwan) * SII -0.54 (0.49) 0.270 

Observations 420 

R2 / R2 adjusted 0.957 / 0.950 

Notes: The regression output is for the detailed DDD model as specified in Equation 3. 
Each observation corresponds to the log of the number of patent applications by region, 
industry and year. Industries other than the control industry (biotech and new 
pharmaceuticals) are indicated by their three-figure NACE code. Only industries for 
which the null hypothesis of parallel pre-trends could not be rejected are included in 
the analysis. Taiwan is a dummy variable, taking a value of 1 for an observation from 
Taiwan and a value of 0 for an observation from Korea. SII refers to the post-treatment 
dummy. Standard errors are in parentheses. 

 

Table 10: Excerpt of Regression Output Detailed DDD23 

 

However, industries C25, C29 and C31 remain significantly negative affected by the SII and 

its associated lower R&D tax credit rate. Repeating the DDD event study for these affected 

 
23 The full regression output is included in Appendix 7: Regression Output DDD Analyses and Corresponding 

Event Studies 
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industries, reveals that while none of the triple-difference estimates is individually significant, 

a slight dip in the estimate can be observed for year 3 after the intervention24. This is consistent 

with the corresponding event study for affected industries performed in the DD section above. 

 

Thus, my findings in the DDD analysis mirror the findings from the DD analysis. While I do 

not find a significant effect of the SII and its reduced R&D tax credit rate on the number of 

patent applications at the aggregate level, the subsequently performed detailed DDD analysis 

suggests that some individual industries might have been adversely affected by the reduced 

R&D tax credit rate.  

 

C. Findings 

At the aggregate level, both the DD and DDD estimations do not find the introduction of the 

SII that led to a reduction in Taiwan’s R&D tax credit rate to significantly affect innovation 

output as measured by patent applications. This also largely holds for estimations at the 

industry level (as done in the detailed DD and DDD estimations), although three treated 

industries displayed a significant decrease in the number of patent applications relative to the 

control industry25. This suggests that for these three industries, the reduction in R&D tax credits 

led to a relative decrease in R&D output. However, it is to note that adverse effects were not 

significant in the subsequently performed event studies and that the post-treatment observation 

period is short. Consequently, as of now, it is difficult to fully judge whether the observed 

negative effect will persist or whether this is a temporary effect. 

 

VII. Robustness checks 

A. Control Variable and Model 

As previously discussed, one important issue regarding the definition of treatment and control 

groups in a quasi-experimental setting is that the population affected by the policy change is 

not randomly selected. This means that the treatment and control groups may not be equivalent 

but systematically different. While I found parallel trends in the number of patent applications 

for both the DD and the DDD analysis before the introduction of the SII, there might exist 

 
24  The full regression output of the event study with industries C25, C29 and C31 as well as a graphical 

representation of the triple-difference estimates is included in Appendix 7: Regression Output DDD Analyses and 

Corresponding Event Studies. 
25 C25 – Manufacture of Fabricated Metal Products except Machinery and Equipment, C29 – Manufacture of 

Motor Vehicles, Trailers and Semi-Trailers and C31 – Manufacture of Furniture.  
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changes in R&D policies that I am unaware of. If not accounted for, a change in the control 

group might not be able to properly measure the effect from other relevant factors. Following 

Woolridge (2013), I will thus add a covariate to the DDD analyses performed above to ensure 

that the analyses were not subject to omitted variable bias26.  

 

A reasonable control variable to include is GBERD, which is a measure of business expenditure 

for R&D activities from government sources within a specific industry. As outlined in the 

literature review above, countries typically employ two broad financial tools when attempting 

to encourage R&D activity: Indirect subsidies and direct subsidies. While the previous analyses 

have attempted to measure the change in R&D output due to Taiwan’s 2010 tax reform, thus 

focussing on indirect subsidies, I now include GBERD by industry in the model to account for 

direct government incentives aimed at encouraging R&D activity that took place during the 

roll-out of the SII. The variable will be lagged, as there is to expect time gap between a firm 

receiving financial support and registering its R&D output as a patent. As a first step, I include 

GBERD in the DDD analyses as well as the corresponding event studies. 

 

ln(𝑝𝑖𝑡𝑐) =  𝛼 + 𝛽 ∗ 𝐼𝑖 ∗ 𝑆𝐼𝐼 ∗ 𝑇 + 𝛾 ∗ 𝐼𝑖 ∗ 𝑆𝐼𝐼 + 𝛿 ∗ 𝐼𝑖 ∗ 𝑇 + 𝜃 ∗ 𝑆𝐼𝐼 ∗ 𝑇 + 𝜗 ∗ 𝐼𝑖 + 𝜌 ∗ 𝑆𝐼𝐼

+ 𝜎 ∗ 𝑇 + 𝜁𝐺𝐵𝐸𝑅𝐷𝑖𝑐𝑡−1 + 𝜀𝑖𝑡 

 

Equation 5: Robustness Check - DDD Model 

 

ln(𝑝𝑖𝑡𝑐) = 𝛼 + ∑ 𝛽𝑗 ∗ (𝐼𝑖 ∗ 𝐿𝑎𝑔 𝑗 ∗ 𝑇)𝑡

5

𝑗=2

+ ∑ 𝛾𝑘 ∗ (𝐼𝑖 ∗ 𝐿𝑒𝑎𝑑 𝑘 ∗ 𝑇)𝑡

6

𝑘=0

+ ∑ 𝛿𝑗 ∗ (𝐼𝑖 ∗ 𝐿𝑎𝑔 𝑗)𝑡

5

𝑗=2

+ ∑ 𝜃𝑘 ∗ (𝐼𝑖 ∗ 𝐿𝑒𝑎𝑑 𝑘)𝑡

6

𝑘=0

+ ∑ 𝜗𝑗 ∗ (𝐿𝑎𝑔 𝑗 ∗ 𝑇)𝑡

5

𝑗=2

+ ∑ 𝜇𝑘 ∗ (𝐿𝑒𝑎𝑑 𝑘 ∗ 𝑇)𝑡

6

𝑘=0

+ 𝜌 ∗ 𝐼𝑖 ∗ 𝑇 + 𝜑𝐼𝑖 + 𝜔𝑇 + 𝜆𝑡 + 𝜁𝐺𝐵𝐸𝑅𝐷𝑖𝑐𝑡−1 + 𝜀𝑖𝑡 

 

Equation 6: Robustness Check - DDD Event Study 

 

where 𝐺𝐵𝐸𝑅𝐷𝑖𝑐𝑡−1 refers to the covariate being added. Similarly, to the main analysis above, 

I will again perform both a basic and a detailed estimation. However, due to limited data 

 
26 As the DD model and its connected event studies were unable to explain the variation observed in the data, I 

will exclude them from the following robustness checks and will instead focus on the more significant DDD model 

and event study. 
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availability, the robustness checks can only be performed for a shorter time period spanning 

the years 2006 to 2018 and on a limited set of industries27. 

 

B. Estimations 

As Table 11 illustrates, GBERD per capita is positive and significant at the 1% level of 

significance. This implies that industries that have higher R&D expenditures financed with 

funds from government sources tend to apply more often for a patent. Comparing the initial 

DDD model and the DDD model employed for this robustness check, it is clear that the sign 

of the remaining coefficient estimates did not change. Most importantly, once GBERD is 

included as a proxy for direct government funding, the key variable of interest, the DDD 

estimator, both increases and becomes less significant. This suggests that the exclusion of 

GBERD did not hide an adverse effect of the SII. Breaking the analysis down to the industry 

level leads to similar insights. While GBERD per capita is significant, the triple interaction 

estimates measuring the effect of the SII on the number of patent applications tend to become 

less negative and less significant. This especially holds for industry C25 – Manufacture of 

Fabricated Metal Products, except Machinery and Equipment, which was previously identified 

as one of the industries that experienced a decline in the number of patent applications 

following the introduction of the SII. Controlling for GBERD per capita renders the triple-

difference estimate for this industry less negative and non-significant, which suggests that the 

SII’s reduced R&D tax credit rate did not have a significantly negative effect on the industry’s 

R&D output as measured using the number of patent applications28. 

 

Performing the corresponding event study and graphing the coefficients for the triple 

interaction terms over time reveals no significant leading or lagging effects29. Graphing the 

robust estimates against the estimates obtained from the initial basic DDD event study, as done 

in Figure 3, reveals that the estimates closely align with the ones obtained from the initial DDD 

analysis and no significant lagging or leading effects of the SII’s introduction are to be found.  

 
27 Industries F42 – Civil Engineering and F43 – Specialised Construction Activities are excluded due to limited 

data availability. 
28 The output for the detailed regression is included in Appendix 8: Regression Output Robustness Checks. 
29 The full regression output of the event study is included in Appendix 8: Regression Output Robustness Checks. 
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Table 11 - Regression Output Basic DDD (Robustness Check) 

Dependent variable: log(number of patent applications by region, industry and year) 

  Basic DDD 
Robustness Check 

for Basic DDD 

Predictors Estimates p Estimates p 

(Intercept) 6.26 
(0.90) 

<0.001 5.41 
(0.93) 

<0.001 

IndustryDummy -1.70 
(0.92) 

0.066 -1.55 
(0.95) 

0.105 

Taiwan -2.58 
(1.27) 

0.043 -1.95 
(1.31) 

0.137 

SII 0.72 
(1.32) 

0.587 0.41 
(1.31) 

0.752 

IndustryDummy * Taiwan -1.39 
(1.31) 

0.288 -1.34 
(1.34) 

0.318 

IndustryDummy * SII -0.01 
(1.35) 

0.997 -0.17 
(1.34) 

0.901 

Taiwan * SII 0.25 
(1.86) 

0.896 0.44 
(1.85) 

0.814 

(IndustryDummy * Taiwan) 
* SII 

-0.37 
(1.91) 

0.849 -0.16 
(1.90) 

0.935 

GBERD_per_capita 
  

0.46 
(0.05) 

<0.001 

Observations 600 478 

R2 / R2 adjusted 0.404 / 0.397 0.496 / 0.487 

Notes: The left-hand column replicates the regression output of the basic DDD analysis. 
The right-hand column presents the regression output for the robustness check, based 
on Equation 5. Each observation corresponds to the log of the number of patent 
applications by region, industry and year. The IndustryDummy indicates whether an 
industry was subject to the SII, taking a value of 1 for an observation from a treated 
industry, and a value of 0 for an observation from the untreated biotech and new 
pharmaceuticals industry. Due to limited data availability, the industries F42 – Civil 
Engineering and F43 – Specialised Construction activities were excluded from the 
robustness check. Taiwan is a dummy variable, taking a value of 1 for an observation 
from Taiwan and a value of 0 for an observation from Korea. SII is the post-treatment 
dummy. Standard errors are in parentheses. 

 

Table 11: Regression Output Basic DDD – Robustness Check 



 38 

Table 12 – Excerpt of Regression Output Basic DDD Event 
Study (Robustness Check) 

Dependent variable: log(number of patent applications by 
region, industry and year) 

  
Basic DDD 

Event Study 

Robustness 
Check 

for Basic DDD 
Event Study 

Predictors Estimates p Estimates p 

(IndustryDummy * 
Taiwan)* Lag_5 

1.39 
(5.39) 

0.797 1.22 
(4.16) 

0.770 

(IndustryDummy * 
Taiwan)* Lag_4 

0.33 
(5.39) 

0.952 0.47 
(4.15) 

0.911 

(IndustryDummy * 
Taiwan)* Lag_3 

0.57 
(5.39) 

0.916 0.66 
(4.15) 

0.874 

(IndustryDummy * 
Taiwan)* Lag_2 

0.07 
(5.39) 

0.990 0.49 
(4.15) 

0.906 

(IndustryDummy * 
Taiwan) 
* Implementation_Year 

1.13 
(5.39) 

0.834 1.64 
(4.15) 

0.693 

(IndustryDummy * 
Taiwan)* Lead_1 

0.34 
(5.39) 

0.949 0.45 
(4.15) 

0.913 

(IndustryDummy * 
Taiwan)* Lead_2 

0.43 
(5.39) 

0.936 0.52 
(4.15) 

0.900 

(IndustryDummy * 
Taiwan)* Lead_3 

-0.65 
(5.39) 

0.903 -0.37 
(4.15) 

0.929 

(IndustryDummy * 
Taiwan)* Lead_4 

-0.70 
(5.39) 

0.897 -0.50 
(4.15) 

0.905 

(IndustryDummy * 
Taiwan)* Lead_5 

-0.23 
(5.39) 

0.965 0.15 
(4.15) 

0.971 

GBERD_per_capita 
  

0.46 
(0.05) 

<0.001 

Observations 600 478 

R2 / R2 adjusted 0.422 / 0.359 0.506 / 0.455 

Notes: The left-hand column replicates the regression output of 
the basic DDD event study. The right-hand column presents the 
regression output for the corresponding robustness check, 
based on Equation 6. Each observation corresponds to the log 
of the number of patent applications by region, industry and 
year. The IndustryDummy indicates whether an industry was 
subject to the SII. Due to limited data availability, the industries 
F42 – Civil Engineering and F43 – Specialised Construction 
activities were excluded from the robustness check.  

 

Table 12: Excerpt of Regression Output Basic DDD Event Study (Robustness Check) 
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Figure 3: Estimates and 95% Confidence Intervals - Robust Event Study Basic DDD30 

 

Thus, the results obtained from the robustness checks confirm the findings from the main 

analysis above: There were no significant effects of the SII’s reduced R&D tax credit rate to 

be observed at the aggregate level and no effects for most industries. However, in both the 

basic and detailed DDD analyses and event studies, I have found GBERD per capita to be 

significant and positive, which suggests that government-financed business expenditures in 

R&D are positively correlated with R&D output as measured by patents. This might mean that 

all or part of the effect of the SII’s reduced R&D tax credit rate could potentially be offset with 

more generous direct subsidies. To check whether this is the case, I will thus run a final DDD 

analysis and event study, using GBERD per capita as the dependent variable using the 

following two estimations31. 

 

𝐺𝐵𝐸𝑅𝐷𝑖𝑡𝑐 =  𝛼 + 𝛽 ∗ 𝐼𝑖 ∗ 𝑆𝐼𝐼 ∗ 𝑇 + 𝛾 ∗ 𝐼𝑖 ∗ 𝑆𝐼𝐼 + 𝛿 ∗ 𝐼𝑖 ∗ 𝑇 + 𝜃 ∗ 𝑆𝐼𝐼 ∗ 𝑇 + 𝜗 ∗ 𝐼𝑖 + 𝜌 ∗ 𝑆𝐼𝐼

+ 𝜎 ∗ 𝑇 + 𝜀𝑖𝑡 

 

Equation 7: Robustness Check - DDD Model with GBERD as Output Variable 

 

 
30 Figure 3: Estimates and 95% Confidence Intervals - Robust Event Study Basic DDD includes both the estimates 

obtained from the previously performed basic DDD as well as the estimates from its robustness check. The former 

are coloured in a light blue, while the latter are drawn in black. 
31 Performing a formal pre-test mirroring the tests performed in V. B. The Parallel Trends Assumption to test for 

parallel pre-trends with respect to GBERD per capita, I fail to reject the null hypothesis of parallel trends, with 

the coefficient on the triple interaction term being both close to zero and insignificant. The full regression output 

of the pre-test is included in Appendix 8: Regression Output Robustness Checks. 
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𝐺𝐵𝐸𝑅𝐷𝑖𝑡𝑐 = 𝛼 + ∑ 𝛽𝑗 ∗ (𝐼𝑖 ∗ 𝐿𝑎𝑔 𝑗 ∗ 𝑇)𝑡

5

𝑗=2

+ ∑ 𝛾𝑘 ∗ (𝐼𝑖 ∗ 𝐿𝑒𝑎𝑑 𝑘 ∗ 𝑇)𝑡

6

𝑘=0

+ ∑ 𝛿𝑗 ∗ (𝐼𝑖 ∗ 𝐿𝑎𝑔 𝑗)𝑡

5

𝑗=2

+ ∑ 𝜃𝑘 ∗ (𝐼𝑖 ∗ 𝐿𝑒𝑎𝑑 𝑘)𝑡

6

𝑘=0

+ ∑ 𝜗𝑗 ∗ (𝐿𝑎𝑔 𝑗 ∗ 𝑇)𝑡

5

𝑗=2

+ ∑ 𝜇𝑘 ∗ (𝐿𝑒𝑎𝑑 𝑘 ∗ 𝑇)𝑡

6

𝑘=0

+ 𝜌 ∗ 𝐼𝑖 ∗ 𝑇 + 𝜑𝐼𝑖 + 𝜔𝑇 + 𝜆𝑡 + 𝜀𝑖𝑡 

 

Equation 8: Robustness Check - DDD Event Study with GBERD as Output Variable 

 

If the interaction terms are significant, this would imply a change in the amount of GBERD 

which is used as a proxy of direct R&D subsidies that coincides with the implementation of the 

SII.  

 

The regression output for the basic DDD using GBERD per capita as the dependent variable is 

presented in Table 13 below. The DDD estimator for this analysis is slightly negative and not 

significant, which implies that overall, the amount of GBERD per capita has not increased for 

the treated industries following the introduction of the SII. Repeating the analysis at the 

industry level further reveals that no significant increases in the amount of GBERD per capita 

occurred for individual industries either32. Only two of the triple-difference estimators in this 

detailed DDD robustness check are significant: C25 – Manufacture of Fabricated Metal 

Products, except Machinery and Equipment and C30 – Manufacture of Other Transport 

Equipment. However, both estimates were negative which suggests a decrease in direct 

subsidies as proxied for by using GBERD per capita. Hence, it does not appear to be the case 

that Taiwan did attempt to offset the effects of a reduced R&D tax credit rate with more 

generous direct R&D subsidies. 

  

 
32 The regression output for the industry level regression is included in Appendix 8: Regression Output Robustness 

Checks.  
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Table 13 - Regression Output Robustness Check Basic DDD using GBERD as 
Dependent Variable 

Dependent variable: GBERD_per_capita by region, industry and year 

Predictors Estimates p 

(Intercept) 2.17 
(0.84) 

0.010 

IndustryDummy -0.33 
(0.86) 

0.704 

Taiwan -1.38 
(1.19) 

0.249 

SII 0.26 
(1.19) 

0.828 

IndustryDummy * SII 0.38 
(1.22) 

0.753 

Taiwan * SII -0.37 
(1.68) 

0.825 

IndustryDummy * Taiwan 0.05 
(1.22) 

0.965 

(IndustryDummy * Taiwan)* SII -0.26 
(1.73) 

0.879 

Observations 478 

R2 / R2 adjusted 0.147 / 0.135 

Notes: Regression output is for the DDD robustness check model as specified in 
Equation 7. Each observation corresponds to the amount of GBERD per capita 
expressed in constant 2015 US-dollars by region, industry and year. The 
IndustryDummy indicates whether an industry was subject to the SII, taking a value of 
1 for an observation from a treated industry, and a value of 0 for an observation from 
the untreated biotech and new pharmaceuticals industry. Taiwan is a dummy variable, 
taking a value of 1 for an observation from Taiwan and a value of 0 for an observation 
from Korea. SII is the post-treatment dummy. Standard errors are in parentheses. 

 

Table 13: Regression Output Robustness Check Basic DDD using GBERD as Dependent Variable 

 

A quick note on industry C25 – Manufacture of Fabricated Metal Products, except Machinery 

and Equipment: The previous robustness checks where GBERD per capita was included as a 

control variable rather than the dependent variable already revealed that once the regression 

controls for GBERD the effect of the SII’s reduced R&D tax credit rate on the industry’s 
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number of patent applications becomes non-significant. Finding industry C25’s triple-

difference estimate in this detailed DDD robustness check (which uses GBERD per capita as 

the output variable) to be negative and significant suggests that the adverse effect of the SII 

that was identified in the main analysis above is potentially due to the decrease in direct 

government subsidies rather than the SII’s reduced R&D tax credit rate. 

 

The subsequently performed event study, whose estimates for the triple interaction terms are 

graphically represented in Figure 4 below, further confirms that there were no significant 

changes to the level of GBERD per capita in the years preceding and following the introduction 

of the SII. Thus, the performed robustness checks support the findings from the main analysis, 

according to which the SII and its reduced R&D tax credit rate did not largely affect innovation 

output as measured by the number of patent applications. 

 

 
 

Figure 4: Estimates and 95% Confidence Interval - Robustness Check Basic DDD using GBERD per capita as the 

Dependent Variable 
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Table 14 - Excerpt of Regression Output Robustness Check 
Basic DDD using GBERD as Dependent Variable 

Dependent variable: GBERD_per_capita by region, industry 
and year 

Predictors Estimates p 

(IndustryDummy * Taiwan) * 
Lag_5 

0.82  
(3.80) 

0.830 

(IndustryDummy * Taiwan) *  
Lag_4 

0.10  
(3.80) 

0.979 

(IndustryDummy * Taiwan) *  
Lag_3 

0.20  
(3.80) 

0.958 

(IndustryDummy * Taiwan) *  
Lag_2 

-0.51 
(3.80) 

0.893 

(IndustryDummy * Taiwan) * 
Implementation_Year 

-0.69 
(3.80) 

0.856 

(IndustryDummy * Taiwan) *  
Lead_1 

0.16  
(3.80) 

0.966 

(IndustryDummy * Taiwan) *  
Lead_2 

0.21  
(3.80) 

0.956 

(IndustryDummy * Taiwan) *  
Lead_3 

-0.21 
(3.80) 

0.956 

 
33  The full regression output for the event study is included in Appendix 8: 

Regression Output Robustness Checks 

(IndustryDummy * Taiwan) *  
Lead_4 

-0.02 
(3.80) 

0.995 

(IndustryDummy * Taiwan) *  
Lead_5 

-0.43 
(3.80) 

0.909 

Observations 478 

R2 / R2 adjusted 0.153 / 0.069 

Notes: Regression output for the detailed DDD robustness 
check model as specified in Equation 7. Each observation 
corresponds to the amount of GBERD per capita expressed in 
constant 2015 US-dollars by region, industry and year. The 
IndustryDummy indicates whether an industry was subject to 
the SII, taking a value of 1 for an observation from a treated 
industry, and a value of 0 for an observation from the untreated 
biotech and new pharmaceuticals industry. Due to limited data 
availability, the industries F42 – Civil Engineering and F43 – 
Specialised Construction activities were excluded from the 
robustness check. Taiwan is a dummy variable, taking a value 
of 1 for an observation from Taiwan and a value of 0 for an 
observation from Korea. Lags and leads refer to the number of 
years before or after the implementation of the SII respectively. 
Standard errors are in parentheses. 

 

Table 14: Excerpt of Regression Output Robustness Check Basic DDD using GBERD as 

Dependent Variable33 
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C. Findings 

The insights gained from the robustness checks performed within this section are in line with 

the findings from the main analysis. Including GBERD per capita as a proxy for direct 

government subsidies does only marginally affect the estimates obtained through the DDD 

analysis and corresponding event study. When it did affect the triple-difference estimates it 

mostly increased the estimates or lowered their significance, thus reducing some of the 

previously estimated effects of the SII’s reduced R&D tax credit rate on R&D output. 

 

VIII. Interpretation 

Within this study, I have only found a limited impact of the SII’s reduced R&D tax credit rate 

on industries’ R&D output as measured by the number of patent applications. There was no 

significant effect of the SII on R&D output at the aggregate level. Furthermore, for most 

individual industries the double- or triple-difference estimates measuring the impact of the SII 

on R&D output have been non-significant. The estimates for industries that were initially 

significant mostly turned insignificant once the initial DD analysis was expanded to a DDD 

analysis or once GBERD was included to control for changes in direct R&D subsidies. Out of 

the 20 NACE industries initially included in the analysis, only two, namely the industries C29 

– Manufacture of Motor Vehicles, Trailers and Semi-Trailers and C31 – Manufacture of 

Furniture remained consistently negatively affected by the introduction of the SII. Unlike Chen 

and Lie (2018) I thus did not find overall significant adverse effects of the SII’s reduced R&D 

tax credit rate. Neither did I find clear differences in the treatment effect according to R&D-

intensity as Yang, Huang and Chang did in their 2021 paper. Furthermore, as too few and very 

different industries were adversely affected by the lower R&D tax credit rate it is at this point 

not possible to draw conclusions about the characteristics of the industries which might have 

caused these negative effects or to make a judgement on whether there likely is an unobserved 

omitted variable unconnected to the SII which drives this negative effect. 

 

The absence of any significantly negative effect of the lower R&D tax credit rate on Taiwan’s 

R&D output that is observed for most industries, implies that these industries are able to 

maintain their R&D output even in the face of a substantially reduced R&D tax credit rate. 

Thus, while previous studies have shown R&D tax subsidies to boost innovation output after 

their introduction or their enhancement, the apparent R&D persistence found in this study casts 

doubt on their continuous necessity. It appears that once industries have reached a certain level 
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of R&D intensity, and along with it, R&D maturity or are under competitive pressure to 

continuously innovate, industries are no longer reliant on R&D tax credits to uphold their R&D 

activities.  

 

For policymakers, this implies that R&D tax subsidies may not be an adequate tool to enhance 

R&D activity for a prolonged period but may rather be seen as a temporary tool to boost R&D 

activity in the short run. As R&D tax credits are an expensive policy tool due to the loss in tax 

revenue they cause, once R&D levels have been increased to the level where R&D persistence 

will appear, the effectiveness of existing tax credits should be reviewed, and the subsidies 

potentially scaled back. However, this review should be carefully conducted. While the effect 

of scaling back R&D tax incentives was found to be mostly non-significant, the nature of the 

empirical study in this paper was not able to draw conclusions on how quickly the effect of 

R&D tax credits wane or whether some industries reach R&D persistence sooner than others. 

 

IX. Limitations 

The empirical methods used in this paper are not without shortcomings as this section will 

highlight. 

 

First, the use of patent counts as a proxy for R&D output may be limiting. While patent counts 

are an established measure of firm innovativeness, it needs to be acknowledged that as a proxy, 

it only captures parts of a firm’s R&D efforts. Some innovations may not be patentable, and 

the propensity to patent an innovation may differ across countries or industries. Furthermore, 

there persists a natural heterogeneity of patent values, with some patents having no industrial 

application and thus no value to society, whereas others are of substantial value. Using only 

patent counts as an indicator, which amounts to the implicit assumption that all patents are of 

equal or comparable value, may be misleading (OECD, 2001). There may be other potential 

indicators for R&D output such as innovations in terms of sales or costs reductions. To ensure 

the use of such an indicator to compare innovativeness across countries and industries, one 

option would be to construct a country- or industry-level index that would combine different 

innovation measures. 

 

Second, there are also limitations regarding the estimation itself. While quasi-experimental 

settings allow for a manipulable cause that occurs before the effect is measured, the non-
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randomness of this approach usually creates less compelling support for counterfactual 

inferences, as the control group may differ from the treatment group in systematic, that is non-

random, ways other than the presence of the treatment. Some of the ways in which control 

groups differ from the treatment group may be alternative explanations for the observed effect. 

Therefore, ruling them out is a key concern when using a quasi-experimental research design. 

While this paper has attempted to address this issue through a series of robustness checks, the 

prime difficulty here is that alternative explanations are rarely ever completely identifiable in 

advance, are often particular to the context studied, with the methods needed to account for 

them potentially varying between alternative explanations and studies (Shadish, Cook, & 

Campbell, 2002; Ho, 2006). Hence, it might be possible that there exist alternative, non-

identified explanations for the observed outcome. This in turn would imply that the internal 

validity of this study which is relying on a quasi-experimental setting may be reduced. 

 

Third, the dataset used in this analysis is very small, with only up to 600 observations included 

in the analysis. As the standard error of an analysis decreases in sample size, more data inputs 

would have lent less variation and thus more precision to the results.  

 

Fourth, the length of the observation period limits the insights gained from the analysis. With 

only seven years in the post-intervention period, it is not yet clear whether the drop observed 

for the industries C29 – Manufacture of Motor Vehicles, Trailers and Semi-Trailers and C31 – 

Manufacture of Furniture will persist. Additionally, the short observation period did not allow 

for implementing a robustness model with a higher-order lag structure in the robustness checks. 

A future replication of this analysis would give more freedom in assessing different hypotheses 

regarding the time lag and might provide different insights.  

 

X. Future Research 

The findings from this study support the theoretical notion of R&D efforts being persistent in 

the event of scaled back R&D tax incentives. To the best of my knowledge very few empirical 

analyses on this topic have been conducted, and those that exist exclusively focus on input 

additionality. Thus, further studies, potentially using different proxy variables for R&D output, 

longer data observation periods or a different R&D tax credit cutting policy to the one 

examined in this study are needed to validate the findings of this study. Given that the 

relationship between tax credit rate and patents likely differs in strength across R&D intensive 
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and less R&D intensive firms, repeating this study at the firm level might also reveal more 

interesting patterns of the effects of scaled-back tax incentives and may yield more insights 

into the formulation of future R&D policies. I do hope that this study helps to encourage future 

research to expand upon the empirical analysis in this paper and hopefully to other policy 

settings to investigate further the impact of reversed R&D tax subsidies on innovation output 

and the pace at which R&D tax subsidies become potentially obsolete. 

 

XI. Conclusion 

The effect of an introduction or enhancement of R&D tax subsidies on R&D has been widely 

examined in previous empirical studies, with most studies finding at least some kind of positive 

effect on R&D input and output. However, the reverse question, whether a decrease in R&D 

tax subsidies harms R&D activities, remains largely unexplored. Proving the persistence of 

positive effects of R&D tax subsidies on R&D activities, however, is highly relevant to 

policymakers to both justify and fine-tune R&D policies. This study set out to fill this research 

gap by exploiting the reversal of a Taiwanese R&D tax incentive scheme which led to a 

reduction in the R&D tax credit rate. Using panel data on the number of annual PCT patent 

applications, I find no significant effects of this policy reversal both at the aggregate level and 

for the large majority of individual NACE industries. Given that prior empirical evidence found 

significantly positive effects on the introduction or intensification of R&D tax subsidies, these 

findings suggest that these positive effects do not endure as industries develop R&D persistence. 

 

These findings provide several policy implications. First, while tax subsidies may initially 

boost R&D activities, they are not an adequate tool to enhance R&D activity for a prolonged 

period as their effect wanes. Tax subsidies thus appear to be a policy tool that should be used 

to increase R&D maturity within industries in the short run. Once a certain level of R&D 

maturity and thus R&D persistence has been reached, the effectiveness of existing tax subsidies 

should be reviewed and potentially be scaled back. However, further research is needed to 

better understand at what rate R&D tax subsidies lose effectiveness over time to pinpoint when 

existing policies should be reversed. Similarly, further firm-level research is needed to increase 

policymakers understanding of how to best revise R&D tax policies.  
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Appendices 

Appendix 1: Abbreviations 
Art. Article 

DD Difference-in-difference 

DDD Difference-in-difference-in-difference 

et al. et alii; et aliae; et alia 

Eurostat European Statistical Office 

GBERD Business expenditure for R&D from government sources 

GDP Gross domestic product 

IPC International Patent Classification 

IV Instrumental variable 

MCC Marginal cost of capital 

MRR Marginal rate of return 

NACE Nomenclature statistique des activités économiques dans la Communauté 

européene 

OECD Organisation for Economic Cooperation and Development 

PCT Patent Cooperation Treaty 

PPP Purchasing power parity 

RDD Regression discontinuity design 

R&D Research and development 

TILL Tax Incentives Limitation Law 

SEI Statutory Encouragement of Investment 

SII Statute for Industrial Innovation 

SUI Statute for the Upgrading of Industry 
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Appendix 2: Market Imperfections and the Need for Public R&D Support 

The primary argument used by economists to justify public support of R&D is that of the 

persistence of market imperfections that in a freely competitive market would cause the R&D 

equilibrium level to be below the socially optimal level (Zúñiga-Vicente, Alonso-Borrego, 

Forcadell, & Galán, 2014; Szücs, 2020). This theoretical rationale for systematic 

underinvestment in R&D activities dates back to the seminal works of Nelson (1959) and 

Arrow (1962b), who were amongst the first to argue that the three classical reasons for non-

optimal resource allocation in a perfectly competitive market, namely inappropriability, 

uncertainty and indivisibility, are likely to apply to the case of R&D.  

 

Incomplete Appropriability of R&D efforts 

One of the most well-known and most widely accepted causes for market imperfections 

concerning R&D arises from the traditional public good characteristics exhibited by knowledge. 

Knowledge generated from a firm’s R&D efforts is not perfectly exclusive, as the use of 

knowledge in any productive way is bound to reveal it at least partially to third parties not 

involved in the R&D activity. The spread of knowledge to third parties is also likely to be 

furthered due to the mobility of personnel among firms within the same industry or sector. 

Thus, because at least a part of the knowledge created through a firm’s R&D efforts spills over 

to other economic agents, other agents can free ride, in other words, benefit from another firm’s 

R&D efforts without paying for them (Aguiar & Gagnepain, 2017). 

 

To now show why its public goods characteristics cause R&D to be underprovided by 

competitive markets, it is important to recall that the social marginal benefit of a private good 

is the same as the marginal benefit to the economic agent who consumes the good. The market 

demand for private goods is the horizontal sum of the individual demand curves of the 

economic agents in the market. In contrast, the social marginal benefit of a public good is the 

sum of the marginal benefit of each economic agent who consumes the good. Because a public 

good is both non-rival and non-exclusive, several economic agents can derive utility from the 

same unit of the good. In this case here, the same unit of knowledge. Consequently, the social 

demand curve for a public good is the vertical sum of the demand curves of the individual 

economic agents. Acting individually, the R&D conducting firm always provides less 

knowledge than would be socially optimal, as it does not take the positive externalities provided 

to other agents into account when making its R&D decisions (Perloff, 2015). Consequently, 

the incentive for a private for-profit firm to be the investing agent is too low to reach the socially 
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optimal level. The argument for public intervention now goes that in a classical Pigouvian tax 

context, public intervention could reduce the extent of the market imperfection (Arrow, 1962; 

Cerulli, 2010; Zúñiga-Vicente, Alonso-Borrego, Forcadell, & Galán, 2014; Czarnitzki & 

Debackere, 2016).  

 

Indivisibility 

A second cause for market imperfections associated with R&D is that of the indivisibility of 

R&D output. Knowledge and information are characterised by increasing returns to scale. This 

is because once a unit of knowledge or information is created, it can be used multiple times 

regardless of the scale of production. Since the same unit can be used multiple times by the 

same or by a different user, the cost of its production is not dependent on the scale on which it 

is used. Generating knowledge or information is thus associated with high initial fixed costs 

for establishing an economic unit capable of producing the unit of knowledge or information. 

However, once produced, the marginal cost of providing a unit of knowledge or information is 

far below the average cost of producing this unit. Hence, from a welfare perspective, the 

knowledge or information derived from R&D efforts should be available free of charge, except 

for the cost of transmitting the knowledge or the information to another party. While this would 

ensure optimal utilisation of the information, it would provide little incentive to private for-

profit firms to engage in R&D activities (Czarnitzki & Debackere, 2016). 

 

Capital Market Imperfections 

A third reason that has been raised to explain the underinvestment in R&D activities are capital 

market imperfections. R&D efforts are extremely risky activities for firms to engage in because 

it is impossible to a priori know whether R&D efforts will lead to the desired output. 

Furthermore, the degree of market success of any potential innovations is equally uncertain 

(Nelson, 1959). Hence, to undertake an R&D project, a firm must be willing to bear the inherent 

risks. Assuming economic agents to be risk-averse, firms will discriminate against risky 

projects, which leads to a suboptimal allocation of risk (Nelson, 1959; Czarnitzki & Debackere, 

2016). This uncertainty issue multiplies if firms face financial constraints due to a lack of 

internal resources. Adding to the inherent uncertainty of R&D projects come stark information 

asymmetries between the innovating firm and external lenders, which gives rise to adverse 

selection and moral hazard that might discourage external investors. Furthermore, compared to 

physical capital, the intangible nature of R&D means that R&D cannot be used as collateral in 

credit negotiations. These circumstances can then lead to a higher cost of external finance due 
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to the requirements of a risk premium or even to finance rationing. Thus, firms will be prompted 

to put more weight on internal funds to conduct their R&D (Zúñiga-Vicente, Alonso-Borrego, 

Forcadell, & Galán, 2014). However, this preference for internal funds implies that only large 

and diversified corporations will be able to bear the risks associated with innovation and that 

smaller or younger firms will be restricted in their ability to engage in R&D activities (Nelson, 

1959; Arrow K., 1962; Bronzini & Piselli, 2016). Consequently, systematic underinvestment 

in R&D activities may occur. 
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Appendix 3: IPC and NACE Rev. 2 
 

IPC Section Section Name 

A Human Necessities 

B Performing Operations; Transporting 

C Chemistry; Metallurgy 

D Textiles; Paper 

E Fixed Constructions 

F Mechanical Engineering; Lighting; Heating; Weapons; Blasting 

G Physics 

H Electricity 
 

Table 15: IPC Categories by Section 

 

NACE 

Code 

Name of NACE 

Rev. 2 Category 

IPC codes included in the NACE Rev. 

2 Category 

Deviations from 

the Concordance 

IPCV8-NACE 

Rev. 2 published 

by Eurostat in 

2015 

C10 Manufacture of 

Food Products 

A23J A01H A01J A21D A23B A23C 

A23D A23F A23G A23J A23K 

A23L1/* A23L3/* A23P C12J C13B 

C13F C13J C13K 

 

C11 Manufacture of 

Beverages 

A23L2/* C12C C12F C12G C12H  

C12 Manufacture of 

Tobacco Products 

A24B A24D A24F  

C13 Manufacture of 

Textiles 

D04D D04G D04H D06C D06J 

D06M D06N D06P D06Q 

 

C14 Manufacture of 

Wearing Apparel 

A41B A41C A41D A41F  

C15 Manufacture of 

Leather and 

Related Products 

A43V A43C B68B B68C  

C16 Manufacture of 

Wood and of 

Products of Wood 

and Cork, except 

furniture; 

Manufacture of 

Articles of Straw 

and Plaiting 

Materials 

B27D B27H B27M B27N  

C17 Manufacture of 

Paper and Paper 

Products 

B42F D21C D21H D21J  
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C18 Printing and 

Reproduction of 

Recorded Media 

B41M B42D B44F  

C19 Manufacture of 

Coke and Refined 

Petroleum 

Products 

C10G C10L  

C20 Manufacture of 

Chemicals and 

Chemical Products 

A01N A01P A61Q A62D B01J B09B 

B09C B27K C01B C01C C01D C01F 

C01G C02F C05B C05C C05D C05F 

C05G C06B C06C C06D C07B C07C 

C07F C07G C08B C08F C08G C08H 

C08J C08K C08L C09B C09C C09D 

C09F C09G C09H C09J C09K C10B 

C10C C10H C10J C10K C10M C10N 

C11B C11C C11D C12S C14C C23F 

C23G C25B C40B D01C D01F D06L 

F17C F17D F25J F42B F42D G21F 

 

C21 Manufacture of 

Basic 

Pharmaceutical 

Products and 

Pharmaceutical 

Preparations 

A61K A61P C07D C07H C07J C07K 

C12N  

 

A61N A61F A61M 

The codes A61N, 

A61F, A61M are 

not in Eurostat’s 

definition of the 

industry. These 

codes are however 

included to better 

reflect on 

Taiwan’s industry 

definition of the 

biotech and new 

pharmaceutical 

industry 

C22 Manufacture of 

Rubber and Plastic 

Products 

B29B B29C B29D B60C B67D C08C  

C23 Manufacture of 

Other Non-

Metallic Mineral 

Products 

B28B B28C B32B C03B C03C C04B 

E03D 

 

C24 Manufacture of 

Basic Metals 

B21C B22D C21B C21C C21D C22B 

C22C C22F C25C C25F G21H 

 

C25 Manufacture of 

Fabricated Metal 

Products, except 

Machinery and 

Equipment 

A01L A44B A47H B21G B22F B63G 

C23D C25D E05B E05C E05D E05F 

E06B F16B F16T F17B F22B F22G 

F24J F27D F41A F41B F41C F41F 

F41G F41H F41J F42C G21B G21C 

G21D G21J 

 

C26 Manufacture of 

Computer, 

Electronic and 

Optical Products 

B81B B81C B82B B82Y C30B F15C 

G01B G01C G01D G01F G01H G01J 

G01K G01L G01M G01N G01Q 

G01R G01S G01V G01W G02B 

Eurostat includes 

the code A61N in 

this category. 

However, to better 
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G02C G02F G03B G03C G03H G04B 

G04C G04D G04F G04G G04R G05B 

G05F G06C G06D G06E G06F G06G 

G06J G06N G06T G08B G08C G09C 

G11C G12B G21K H01C H01F H01G 

H01J H01L H01Q H01S H03B H03C 

H03D H03F H03G H03H H03J H03K 

H03L H03M H04B H04H H04J H04K 

H04L H04M H04N H04Q H04R 

H04S H04W H05G H05H H05K 

match Taiwan’s 

industry definition 

of the biotech and 

new 

pharmaceutical 

industry this IPC 

has been included 

under C21. 

 

C27 Manufacture of 

Electrical 

Equipment 

A21B A45D A47G A47J A47L B01B 

B60M B61L D06F E06C F21H F21K 

F21L F21M F21P F21Q F21S F21V 

F21W F21Y F24B F24C F24D F25C 

F25D G08G G10K H01B H01H 

H01K H01M H01P H01R H01T 

H02B H02G H02H H02J H02K 

H02M H02N H02P H02S H05B 

H05C 

 

C28 Manufacture of 

Machinery and 

Equipment N.E.C. 

A01B A01C A01D A01F A01G 

A01K A01M A21C A22B A22C 

A23N A24C A41H A42C A43D 

A47K A62C B01D B01F B02B B02C 

B03B B03C B03D B04C B05B B05C 

B05D B06B B07B B07C B08B B21B 

B21D B21F B21H B21J B21K B21L 

B22C B23B B23C B23D B23F B23G 

B23H B23K B23P B23Q B24B B24C 

B24D B25B B25C B25D B25F B25G 

B25H B25J B26B B26D B26F B27B 

B27C B27F B27G B27J B27L B28D 

B30B B31B B31C B31D B31F B33Y 

B41B B41C B41D B41F B41G B41J 

B41K B41L B41N B42B B42C B43M 

B44B B44C B60S B61B B65B B65C 

B65F B65G B65H B66B B66C B66D 

B66F B67B B67C B68F C10F C12L 

C13C C13D C13G C13H C14B C23C 

D01B D01D D01G D01H D02G 

D02H D02J D03C D03D D03J D04B 

D04C D05B D05C D06B D06G 

D06H D21B D21D D21F D21G E01C 

E01D E01F E01H E02C E02D E02F 

E05G E21B E21C E21D E21F F01B 

F01C F01D F01K F01M F01N F01P 

F02C F02G F02K F03B F03C F03D 

F03G F04B F04C F04D F04F F15B 

F15D F16C F16D F16F F16G F16H 

F16K F16M F16N F16P F22D F23B 

F23C F23D F23G F23H F23J F23K 
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F23L F23M F23N F23R F24F F24H 

F25B F26B F27B F28B F28C F28D 

F28F F28G G01G G03G G05D G05G 

G06K G06M G07B G07C Go7D 

G07F G07G G09D G09G G10L G11B 

H05F 

C29 Manufacture of 

Motor Vehicles, 

Trailers and Semi-

Trailers 

B60B B60D B60G B60H B60J B60K 

B60L B60N B60P B60Q B60R B60T 

B60W B62D F01L F02B F02D F02F 

F02M F02N F02P F16J G01P 

 

C30 Manufacture of 

Other Transport 

Equipment 

B60F B60V B61C B61D B61F B61G 

B61H B61J B61K B62C B62H B62J 

B62K B62L B62M B63B B63C B63H 

B63J B64B B64C B64D B64F B64G 

E01B F03H 

 

C31 Manufacture of 

Furniture 

A47B A47C A47D A47F  

C32 Other 

Manufacturing 

A45F A61G A63G B62B G10F A41G 

A42B A44C A45B A45C A46B 

A46D A61B A61C A61D A61H A61J 

A61L A62B A63B A63C A63D A63F 

A63H A63J A63K B01L B04B B43K 

B43L B44D B65D B68G C06F C12M 

D07B F16L F23Q G01T G03D G03F 

G09B G09F G10B G10C G10D G10G 

G10H G21G 

Eurostat includes 

the codes A61F 

and A61M in this 

category. 

However, to better 

match Taiwan’s 

industry definition 

of the biotech and 

new 

pharmaceutical 

industry this IPC 

has been included 

under C21. 

F42 Civil Engineering E02B E03B E03C  

F43 Specialised 

Construction 

Activities 

E03F E04B E04C E04D E04F E04G 

E04H 

 

J62 Computer 

Programming, 

Consultancy and 

Related Activities 

G06Q  

 

Table 16: Concordance Table IPC V8 - NACE Rev.2 

Adapted from (Eurostat, 2015) 
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Appendix 4: Testing for Parallel Pre-trends (DD) using the Graphical and Formal 

Approach 
 

Appendix 4.1: Graphical Approach 

Below, the trends in the number of applications for patents over time are graphed for each 

industry group. The red line represents the control group (Industry C21: Biotech and New 

Pharmaceuticals), treated industries are represented in blue. 
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Figure 5: Testing for Parallel Pre-Trends (DD) - 

Graphical Approach
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Appendix 4.2: Formal Approach 

Testing for Parallel Pre-Trends - Basic DD_______________________________________________ 

Dependent variable: log(number of patent applications by industry and year) 

Predictors Estimates p 

(Intercept) 3.04 
(2.65) 

0.252 

Not_C21 -3.21 
(2.72) 

0.240 

Year 0.14 
(0.52) 

0.787 

Not_C21 * Year 0.02 
(0.54) 

0.963 

Observations 160 

R2 / R2 adjusted 0.050 / 0.032 

Notes: The pre-test uses OECD data on the number of annual patent applications per 
industry for the eight years before the SII was implemented in tax returns in 2012 
(2004-2011). Each observation corresponds to the log of the number of patent 
applications by industry and year. The eight years included in the pre-test are coded as 
Years 1 to 8. Not_C21 refers to all industries other than the control industry (biotech 
and new pharmaceuticals). Standard errors are in parentheses. 

 

Table 17: Regression Output - Testing for Parallel Pre-Trends Basic DD 
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Testing for Parallel Pre-Trends - Detailed DD___________________________________________ 

Dependent variable: log(number of patent applications by industry and year) 

Predictors Estimates p 

(Intercept) 3.04 (1.86) 0.105 

C101112 -4.57 (2.63) 0.085 

C131415 -3.17 (2.63) 0.231 

C161718 -5.31 (2.63) 0.046 

C19 -9.21 (2.63) 0.001 

C20 -1.23 (2.63) 0.641 

C22 -3.17 (2.63) 0.231 

C23 -3.44 (2.63) 0.194 

C24 -7.63 (2.63) 0.004 

C25 -1.46 (2.63) 0.579 

C26 1.11 (2.63) 0.673 

C27 -0.14 (2.63) 0.958 

C28 0.30 (2.63) 0.910 

C29 -1.26 (2.63) 0.632 

C30 -2.96 (2.63) 0.263 

C31 -3.11 (2.63) 0.239 

C32 -0.56 (2.63) 0.831 

F42 -6.26 (2.63) 0.019 

F43 -2.92 (2.63) 0.270 

J62 -5.92 (2.63) 0.026 

Year 0.14 (0.37) 0.701 

C101112 * Year 0.18 (0.52) 0.734 

C131415 * Year 0.06 (0.52) 0.909 

C161718 * Year -0.15 (0.52) 0.776 
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C19 * Year 0.46 (0.52) 0.380 

C20 * Year -0.04 (0.52) 0.935 

C22 * Year 0.06 (0.52) 0.910 

C23 * Year 0.11 (0.52) 0.835 

C24 * Year -0.40 (0.52) 0.448 

C25 * Year -0.06 (0.52) 0.911 

C26 * Year -0.03 (0.52) 0.958 

C27 * Year 0.00 (0.52) 0.996 

C28 * Year -0.07 (0.52) 0.889 

C29 * Year -0.09 (0.52) 0.864 

C30 * Year 0.17 (0.52) 0.745 

C31 * Year 0.10 (0.52) 0.851 

C32 * Year 0.03 (0.52) 0.955 

F42 * Year -0.27 (0.52) 0.599 

F43 * Year 0.05 (0.52) 0.920 

J62 * Year 0.37 (0.52) 0.484 

Observations 160 

R2 / R2 adjusted 0.639 / 0.522 

Notes: The pre-test uses OECD data on the number of annual patent applications per 
industry for the eight years before the SII was implemented in tax returns in 2012 
(2004-2011). Each observation corresponds to the log of the number of patent 
applications by industry and year. The eight years included in the pre-test are coded as 
Years 1 to 8. Industries other than the control industry (biotech and new 
pharmaceuticals) are indicated by their three-figure NACE code. Standard errors are in 
parentheses. 

 

Table 18: Estimates for Parallel Pre-trend Test – Detailed DD 
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Appendix 5: Testing for Parallel Pre-trends (DD) using the Graphical and Formal 

Approach 
 

Appendix 5.1: Graphical Approach 

Below, the trends in the differences in the number of applications for patents over time are 

graphed for each industry group. The red line represents the Taiwan, Korea is represented in 

blue. 
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Figure 6: Testing for Parallel Pre-Trends (DDD) - 

Graphical Approach 
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Appendix 5.2: Formal Approach 

Testing for Parallel Pre-Trends - Basic DDD_____________________________________________ 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 5.68 
(2.03) 

0.005 

Not_C21 -1.77 
(2.08) 

0.397 

Year 0.13 
(0.40) 

0.748 

CountryDummy -2.64 
(2.87) 

0.359 

Not_C21 * Year 0.01 
(0.41) 

0.973 

Not_C21 * CountryDummy -1.44 
(2.95) 

0.625 

Year * CountryDummy 0.01 
(0.57) 

0.982 

(Not_C21 * Year) * 
CountryDummy 

0.01 
(0.58) 

0.985 

Observations 320 

R2 / R2 adjusted 0.390 / 0.376 

Notes: The pre-test uses OECD data on the number of annual patent applications per 
industry for the eight years before the SII was implemented in tax returns in 2012 
(2004-2011). Each observation corresponds to the log of the number of patent 
applications by region, industry and year. The eight years included in the pre-test are 
coded as Years 1 to 8. Not_C21 refers to all industries other than the control industry 
(biotech and new pharmaceuticals). CountryDummy34 is a dummy variable that takes 
on a value of 1 for an observation from Taiwan, and a value of 0 for an observation from 
Korea. Standard errors are in parentheses. 

 

Table 19: Testing for Parallel Pre-Trends - Basic DDD 

  

 
34 The term “CountryDummy” is used to distinguish between Taiwan and the Republic of Korea. Readers be 

advised that throughout this study the term “country” carries no political connotation and is to be understood 

exclusively as reference for an economy. 
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Testing for Parallel Pre-Trends - Detailed DDD_________________________________________ 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 5.68 (1.32) <0.001 

C101112 -1.74 (1.87) 0.352 

C131415 -2.16 (1.87) 0.247 

C161718 -3.07 (1.87) 0.102 

C19 -4.41 (1.87) 0.019 

C20 -0.17 (1.87) 0.928 

C22 -2.46 (1.87) 0.189 

C23 -2.13 (1.87) 0.255 

C24 -2.76 (1.87) 0.140 

C25 -2.08 (1.87) 0.267 

C26 1.43 (1.87) 0.445 

C27 -0.03 (1.87) 0.987 

C28 0.71 (1.87) 0.703 

C29 -1.89 (1.87) 0.312 

C30 -2.78 (1.87) 0.138 

C31 -2.76 (1.87) 0.141 

C32 -0.19 (1.87) 0.920 

F42 -3.39 (1.87) 0.071 

F43 -1.99 (1.87) 0.287 

J62 -1.70 (1.87) 0.364 

Year 0.13 (0.26) 0.622 

CountryDummy -2.64 (1.87) 0.159 

C101112 * Year -0.06 (0.37) 0.866 

C131415 * Year -0.01 (0.37) 0.988 
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C161718 * Year -0.06 (0.37) 0.877 

C19 * Year 0.10 (0.37) 0.794 

C20 * Year -0.01 (0.37) 0.987 

C22 * Year 0.00 (0.37) 0.992 

C23 * Year 0.02 (0.37) 0.958 

C24 * Year 0.07 (0.37) 0.840 

C25 * Year 0.02 (0.37) 0.951 

C26 * Year 0.04 (0.37) 0.922 

C27 * Year 0.05 (0.37) 0.897 

C28 * Year -0.04 (0.37) 0.905 

C29 * Year 0.06 (0.37) 0.863 

C30 * Year 0.10 (0.37) 0.796 

C31 * Year -0.03 (0.37) 0.933 

C32 * Year 0.01 (0.37) 0.987 

F42 * Year -0.04 (0.37) 0.908 

F43 * Year -0.05 (0.37) 0.903 

J62 * Year 0.09 (0.37) 0.803 

C101112 * CountryDummy -2.83 (2.64) 0.285 

C131415 * CountryDummy -1.01 (2.64) 0.703 

C161718 * CountryDummy -2.24 (2.64) 0.396 

C19 * CountryDummy -4.80 (2.64) 0.070 

C20 * CountryDummy -1.06 (2.64) 0.688 

C22 * CountryDummy -0.71 (2.64) 0.788 

C23 * CountryDummy -1.31 (2.64) 0.620 

C24 * CountryDummy -4.87 (2.64) 0.066 

C25 * CountryDummy 0.61 (2.64) 0.817 

C26 * CountryDummy -0.32 (2.64) 0.905 
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C27 * CountryDummy -0.11 (2.64) 0.968 

C28 * CountryDummy -0.41 (2.64) 0.875 

C29 * CountryDummy 0.63 (2.64) 0.812 

C30 * CountryDummy -0.18 (2.64) 0.946 

C31 * CountryDummy -0.35 (2.64) 0.893 

C32 * CountryDummy -0.37 (2.64) 0.888 

F42 * CountryDummy -2.87 (2.64) 0.278 

F43 * CountryDummy -0.93 (2.64) 0.725 

J62 * CountryDummy -4.22 (2.64) 0.111 

Year * CountryDummy 0.01 (0.37) 0.973 

(C101112 * Year) * CountryDummy 0.24 (0.52) 0.646 

(C131415 * Year) * CountryDummy 0.07 (0.52) 0.901 

(C161718 * Year) * CountryDummy -0.09 (0.52) 0.861 

(C19 * Year) * CountryDummy 0.36 (0.52) 0.488 

(C20 * Year) * CountryDummy -0.04 (0.52) 0.945 

(C22 * Year) * CountryDummy 0.06 (0.52) 0.916 

(C23 * Year) * CountryDummy 0.09 (0.52) 0.865 

(C24 * Year) *CountryDummy -0.47 (0.52) 0.368 

(C25 * Year) * CountryDummy -0.08 (0.52) 0.877 

(C26 * Year) * CountryDummy -0.06 (0.52) 0.903 

(C27 * Year) * CountryDummy -0.05 (0.52) 0.931 

(C28 * Year) * CountryDummy -0.03 (0.52) 0.956 

(C29 * Year) * CountryDummy -0.15 (0.52) 0.770 

(C30 * Year) * CountryDummy 0.07 (0.52) 0.887 

(C31 * Year) * CountryDummy 0.13 (0.52) 0.805 

(C32 * Year) * CountryDummy 0.02 (0.52) 0.964 

(F42 * Year) * CountryDummy -0.23 (0.52) 0.658 
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(F43 * Year) * CountryDummy 0.10 (0.52) 0.853 

(J62 * Year) * CountryDummy 0.27 (0.52) 0.601 

Observations 320 

R2 / R2 adjusted 0.802 / 0.737 

Notes: The pre-test uses OECD data on the number of annual patent applications per 
industry for the eight years before the SII was implemented in tax returns in 2012 
(2004-2011). Each observation corresponds to the log of the number of patent 
applications by region, industry and year. The eight years included in the pre-test are 
coded as Years 1 to 8. Industries other than the control industry (biotech and new 
pharmaceuticals) are indicated by their three-figure NACE code. CountryDummy35 is a 
dummy variable that takes on a value of 1 for an observation from Taiwan, and a value 
of 0 for an observation from Korea. Standard errors are in parentheses. 

 

Table 20: Testing for Parallel Pre-Trends - Detailed DDD 

 

  

 
35 The term “CountryDummy” is used to distinguish between Taiwan and the Republic of Korea. Readers be 

advised that throughout this study the term “country” carries no political connotation and is to be understood 

exclusively as reference for an economy. 
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Appendix 6: Regression Output DD Analyses and Corresponding Event Studies 
 

Regression Output Basic DD 

Dependent variable: log(number of patent applications by industry and year) 

Predictors Estimates p 

(Intercept) 3.68 
(1.16) 

0.002 

IndustryDummy -3.09 
(1.19) 

0.010 

SII 0.96 
(1.70) 

0.573 

IndustryDummy * SII -0.37 
(1.75) 

0.832 

Observations 300 

R2 / R2 adjusted 0.053 / 0.044 

Notes: The regression output is for the basic DD model as specified in Equation 1. Each 
observation corresponds to the log of the number of patent applications by industry 
and year. The IndustryDummy indicates whether an industry was subject to the SII, 
taking a value of 1 for an observation from a treated industry, and a value of 0 for an 
observation from the untreated biotech and new pharmaceuticals industry. SII is the 
post-treatment dummy. Standard errors are in parentheses. 

 

Table 21: Regression Output Basic DD 

  



 73 

Regression Output Basic DD Event Study_________________________________________________ 

Dependent variable: log(number of patent applications by industry and year) 

Predictors Estimates p 

(Intercept) 4.12 (3.39) 0.225 

IndustryDummy -3.34 (3.48) 0.338 

Lag_8 -0.78 (4.79) 0.871 

Lag_7 -0.94 (4.79) 0.844 

Lag_6 -0.79 (4.79) 0.869 

Lag_5 -0.55 (4.79) 0.909 

Lag_4 -0.20 (4.79) 0.966 

Lag_3 -0.08 (4.79) 0.987 

Lag_2 -0.15 (4.79) 0.975 

Implementation_Year -0.14 (4.79) 0.977 

Lead_1 0.07 (4.79) 0.989 

Lead_2 0.34 (4.79) 0.944 

Lead_3 0.90 (4.79) 0.851 

Lead_4 0.97 (4.79) 0.840 

Lead_5 0.88 (4.79) 0.855 

Lead_6 0.66 (4.79) 0.891 

IndustryDummy * Lag_8 0.22 (4.91) 0.965 

IndustryDummy * Lag_7 -0.20 (4.91) 0.967 

IndustryDummy * Lag_6 -0.41 (4.91) 0.934 

IndustryDummy * Lag_5 1.34 (4.91) 0.786 

IndustryDummy * Lag_4 0.31 (4.91) 0.949 

IndustryDummy * Lag_3 0.53 (4.91) 0.915 

IndustryDummy * Lag_2 0.16 (4.91) 0.974 

IndustryDummy *Implementation_Year 1.18 (4.91) 0.810 
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IndustryDummy * Lead_1 0.35 (4.91) 0.944 

IndustryDummy * Lead_2 0.45 (4.91) 0.928 

IndustryDummy * Lead_3 -0.58 (4.91) 0.905 

IndustryDummy * Lead_4 -0.77 (4.91) 0.875 

IndustryDummy * Lead_5 -0.29 (4.91) 0.952 

IndustryDummy * Lead_6 -1.22 (4.91) 0.804 

Observations 300 

R2 / R2 adjusted 0.083 / -0.015 

Notes: The regression output is for the basic DD event study as specified in Equation 2. 
Each observation corresponds to the log of the number of patent applications by 
industry and year. The IndustryDummy indicates whether an industry was subject to 
the SII, taking a value of 1 for an observation from a treated industry, and a value of 0 
for an observation from the untreated biotech and new pharmaceuticals industry. Lags 
and leads refer to the number of years before or after the implementation of the SII 
respectively. Standard errors are in parentheses. 

 

Table 22: Regression Output Basic DD Event Study 
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Regression Output Detailed DD  

Dependent variable: log(number of patent applications by industry and year) 

Predictors Estimates p 

(Intercept) 3.68 (0.20) <0.001 

C131415 -2.90 (0.29) <0.001 

C20 -1.42 (0.29) <0.001 

C22 -2.90 (0.29) <0.001 

C23 -2.95 (0.29) <0.001 

C25 -1.73 (0.29) <0.001 

C26 0.99 (0.29) 0.001 

C27 -0.12 (0.29) 0.664 

C28 -0.03 (0.29) 0.917 

C29 -1.66 (0.29) <0.001 

C31 -2.67 (0.29) <0.001 

C32 -0.43 (0.29) 0.137 

F43 -2.68 (0.29) <0.001 

SII 0.96 (0.30) 0.001 

C131415 * SII 0.10 (0.42) 0.820 

C20 * SII -0.43 (0.42) 0.302 

C22 * SII -0.27 (0.42) 0.516 

C23 * SII -0.58 (0.42) 0.165 

C25 * SII -0.78 (0.42) 0.066 

C26 * SII -0.26 (0.42) 0.528 

C27 * SII -0.48 (0.42) 0.251 

C28 * SII -0.60 (0.42) 0.154 

C29 * SII -0.84 (0.42) 0.047 

C31 * SII -1.07 (0.42) 0.011 
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C32 * SII -0.29 (0.42) 0.495 

F43 * SII -0.79 (0.42) 0.060 

Observations 195 

R2 / R2 adjusted 0.872 / 0.854 

Notes: The regression output is for the detailed DD model as specified in Equation 1. 
Each observation corresponds to the log of the number of patent applications by 
industry and year. Industries other than the control industry (biotech and new 
pharmaceuticals) are indicated by their three-figure NACE code. Only industries for 
which the null hypothesis of parallel pre-trends could not be rejected are included in 
the analysis. SII refers to the post-treatment dummy. Standard errors are in 
parentheses. 

 

Table 23: Regression Output Detailed DD 
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Regression Output Basic DD Event Study including Industries C25, C29, C31 and 
F43 only  

  Patents 

Predictors Estimates p 

(Intercept) 4.12 (0.77) <0.001 

IndustryDummy -2.27 (0.86) 0.012 

Lag_8 -0.78 (1.09) 0.480 

Lag_7 -0.94 (1.09) 0.392 

Lag_6 -0.79 (1.09) 0.472 

Lag_5 -0.55 (1.09) 0.619 

Lag_4 -0.20 (1.09) 0.853 

Lag_3 -0.08 (1.09) 0.945 

Lag_2 -0.15 (1.09) 0.889 

Implementation_Year -0.14 (1.09) 0.901 

Lead_1 0.07 (1.09) 0.951 

Lead_2 0.34 (1.09) 0.759 

Lead_3 0.90 (1.09) 0.413 

Lead_4 0.97 (1.09) 0.380 

Lead_5 0.88 (1.09) 0.425 

Lead_6 0.66 (1.09) 0.551 

IndustryDummy * Lag_8 -0.25 (1.22) 0.841 

IndustryDummy * Lag_7 0.22 (1.22) 0.858 

IndustryDummy * Lag_6 -0.06 (1.22) 0.963 

IndustryDummy * Lag_5 0.60 (1.22) 0.623 

IndustryDummy * Lag_4 0.28 (1.22) 0.820 

IndustryDummy * Lag_3 -0.09 (1.22) 0.941 

IndustryDummy * Lag_2 -0.03 (1.22) 0.979 

IndustryDummy *Implementation_Year -0.13 (1.22) 0.915 
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IndustryDummy * Lead_1 -0.28 (1.22) 0.817 

IndustryDummy * Lead_2 -0.42 (1.22) 0.735 

IndustryDummy * Lead_3 -1.08 (1.22) 0.382 

IndustryDummy * Lead_4 -1.04 (1.22) 0.397 

IndustryDummy * Lead_5 -0.99 (1.22) 0.424 

IndustryDummy * Lead_6 -1.57 (1.22) 0.205 

Observations 75 

R2 / R2 adjusted 0.778 / 0.635 

Notes: The regression output is for the DD event study as specified in Equation 2. 
However, the dataset is restricted to only include the industries found to be significant 
in the detailed DD analysis (C25, C29, C31 and F43) and the biotech and new 
pharmaceuticals industry as control industry. Each observation corresponds to the log 
of the number of patent applications by industry and year. The IndustryDummy 
indicates whether an industry was subject to the SII, taking a value of 1 for an 
observation from a treated industry, and a value of 0 for an observation from the 
untreated biotech and new pharmaceuticals industry. Lags and leads refer to the 
number of years before or after the implementation of the SII respectively. Standard 
errors are in parentheses. 

 

Table 24: Regression Output Basic DD - Event Study including only the affected industries C25, C29, C31 and F43. 

 

 
 

Figure 7: Estimates and 95% Confidence Intervals - Event Study with affected Industries 
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Appendix 7: Regression Output DDD Analyses and Corresponding Event Studies 
 

Regression Output Basic DDD 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 6.26 
(0.90) 

<0.001 

IndustryDummy -1.70 
(0.92) 

0.066 

Taiwan -2.58 
(1.27) 

0.043 

SII 0.72 
(1.32) 

0.587 

IndustryDummy * Taiwan -1.39 
(1.31) 

0.288 

IndustryDummy * SII -0.01 
(1.35) 

0.997 

Taiwan * SII 0.25 
(1.86) 

0.896 

(IndustryDummy * Taiwan) 
* SII 

-0.37 
(1.91) 

0.849 

Observations 600 

R2 / R2 adjusted 0.404 / 0.397 

Notes: The regression output is for the basic DDD model as specified in Equation 3. Each 
observation corresponds to the log of the number of patent applications by region, 
industry and year. The IndustryDummy indicates whether an industry was subject to 
the SII, taking a value of 1 for an observation from a treated industry, and a value of 0 
for an observation from the untreated biotech and new pharmaceuticals industry. 
Taiwan is a dummy, taking a value of 1 for an observation from Taiwan and a value of 
0 for an observation from Korea. SII is the post-treatment dummy. Standard errors are 
in parentheses. 

 

Table 25: Regression Output Basic DDD 
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Regression Output Basic DDD Event Study 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 6.68 (2.63) 0.011 

IndustryDummy -1.69 (2.69) 0.531 

Taiwan -2.57 (3.71) 0.490 

Lag_8 -0.92 (3.71) 0.804 

Lag_7 -0.81 (3.71) 0.827 

Lag_6 -0.56 (3.71) 0.880 

Lag_5 -0.38 (3.71) 0.918 

Lag_4 -0.32 (3.71) 0.931 

Lag_3 -0.24 (3.71) 0.948 

Lag_2 -0.14 (3.71) 0.971 

Implementation_Year 0.11 (3.71) 0.976 

Lead_1 0.14 (3.71) 0.970 

Lead_2 0.16 (3.71) 0.966 

Lead_3 0.26 (3.71) 0.945 

Lead_4 0.44 (3.71) 0.905 

Lead_5 0.45 (3.71) 0.904 

Lead_6 0.50 (3.71) 0.893 

IndustryDummy * Lag_8 -0.13 (3.81) 0.974 

IndustryDummy * Lag_7 0.04 (3.81) 0.991 

IndustryDummy * Lag_6 -0.04 (3.81) 0.992 

IndustryDummy * Lag_5 -0.05 (3.81) 0.990 

IndustryDummy * Lag_4 -0.01 (3.81) 0.998 

IndustryDummy * Lag_3 -0.04 (3.81) 0.992 

IndustryDummy * Lag_2 0.09 (3.81) 0.981 
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IndustryDummy *Implementation_Year 0.05 (3.81) 0.990 

IndustryDummy * Lead_1 0.00 (3.81) 1.000 

IndustryDummy * Lead_2 0.01 (3.81) 0.997 

IndustryDummy * Lead_3 0.07 (3.81) 0.985 

IndustryDummy * Lead_4 -0.08 (3.81) 0.984 

IndustryDummy * Lead_5 -0.06 (3.81) 0.988 

IndustryDummy * Lead_6 -0.15 (3.81) 0.969 

Taiwan * Lag_8 0.14 (5.25) 0.978 

Taiwan * Lag_7 -0.13 (5.25) 0.980 

Taiwan * Lag_6 -0.23 (5.25) 0.965 

Taiwan * Lag_5 -0.16 (5.25) 0.975 

Taiwan * Lag_4 0.12 (5.25) 0.982 

Taiwan * Lag_3 0.17 (5.25) 0.975 

Taiwan * Lag_2 -0.02 (5.25) 0.998 

Taiwan *Implementation_Year -0.25 (5.25) 0.962 

Taiwan * Lead_1 -0.07 (5.25) 0.989 

Taiwan * Lead_2 0.18 (5.25) 0.973 

Taiwan * Lead_3 0.64 (5.25) 0.902 

Taiwan * Lead_4 0.52 (5.25) 0.921 

Taiwan * Lead_5 0.43 (5.25) 0.935 

Taiwan * Lead_6 0.16 (5.25) 0.976 

IndustryDummy * Taiwan -1.65 (3.81) 0.665 

(IndustryDummy * Taiwan)* Lag_8 0.34 (5.39) 0.949 

(IndustryDummy * Taiwan)* Lag_7 -0.25 (5.39) 0.964 

(IndustryDummy * Taiwan)* Lag_6 -0.37 (5.39) 0.945 

(IndustryDummy * Taiwan)* Lag_5 1.39 (5.39) 0.797 

(IndustryDummy * Taiwan)* Lag_4 0.33 (5.39) 0.952 
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(IndustryDummy * Taiwan) * Lag_3 0.57 (5.39) 0.916 

(IndustryDummy * Taiwan) * Lag_2 0.07 (5.39) 0.990 

(IndustryDummy * Taiwan)* Implementation_Year 1.13 (5.39) 0.834 

(IndustryDummy * Taiwan) * Lead_1 0.34 (5.39) 0.949 

(IndustryDummy * Taiwan) * Lead_2 0.43 (5.39) 0.936 

(IndustryDummy * Taiwan) * Lead_3 -0.65 (5.39) 0.903 

(IndustryDummy * Taiwan) * Lead_4 -0.70 (5.39) 0.897 

(IndustryDummy * Taiwan) * Lead_5 -0.23 (5.39) 0.965 

(IndustryDummy * Taiwan) * Lead_6 -1.07 (5.39) 0.843 

Observations 600 

R2 / R2 adjusted 0.422 / 0.359 

Notes: The regression output is for the basic DDD event study as specified in Equation 
4. Each observation corresponds to the log of the number of patent applications by 
region, industry and year. The IndustryDummy indicates whether an industry was 
subject to the SII, taking a value of 1 for an observation from a treated industry, and a 
value of 0 for an observation from the untreated biotech and new pharmaceuticals 
industry. Taiwan is a dummy, taking a value of 1 for an observation from Taiwan and a 
value of 0 for an observation from Korea. Lags and leads refer to the number of years 
before or after the implementation of the SII respectively. Standard errors are in 
parentheses. 

 

Table 26: Regression Output Basic DDD Event Study 
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Regression Output Detailed DDD 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 6.26 (0.17) <0.001 

C131415 -2.19 (0.24) <0.001 

C20 -0.20 (0.24) 0.405 

C22 -2.44 (0.24) <0.001 

C23 -2.04 (0.24) <0.001 

C25 -1.97 (0.24) <0.001 

C26 1.59 (0.24) <0.001 

C27 0.19 (0.24) 0.429 

C28 0.51 (0.24) 0.029 

C29 -1.60 (0.24) <0.001 

C30 -2.35 (0.24) <0.001 

C31 -2.90 (0.24) <0.001 

C32 -0.16 (0.24) 0.494 

F43 -2.19 (0.24) <0.001 

Taiwan -2.58 (0.24) <0.001 

SII 0.72 (0.24) 0.003 

C131415 * Taiwan -0.71 (0.33) 0.033 

C20 * Taiwan -1.23 (0.33) <0.001 

C22 * Taiwan -0.46 (0.33) 0.165 

C23 * Taiwan -0.91 (0.33) 0.007 

C25 * Taiwan 0.25 (0.33) 0.457 

C26 * Taiwan -0.60 (0.33) 0.071 

C27 * Taiwan -0.31 (0.33) 0.350 

C28 * Taiwan -0.54 (0.33) 0.103 
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C29 * Taiwan -0.06 (0.33) 0.857 

C30 * Taiwan 0.15 (0.33) 0.642 

C31 * Taiwan 0.23 (0.33) 0.496 

C32 * Taiwan -0.27 (0.33) 0.422 

F43 * Taiwan -0.49 (0.33) 0.140 

C131415 * SII -0.35 (0.34) 0.307 

C20 * SII 0.12 (0.34) 0.727 

C22 * SII -0.09 (0.34) 0.785 

C23 * SII 0.16 (0.34) 0.646 

C25 * SII 0.11 (0.34) 0.760 

C26 * SII 0.00 (0.34) 0.998 

C27 * SII 0.15 (0.34) 0.658 

C28 * SII -0.19 (0.34) 0.584 

C29 * SII 0.11 (0.34) 0.739 

C30 * SII 0.05 (0.34) 0.874 

C31 * SII -0.11 (0.34) 0.755 

C32 * SII 0.10 (0.34) 0.780 

F43 * SII -0.26 (0.34) 0.455 

Taiwan * SII 0.25 (0.34) 0.477 

(C131415 * Taiwan) * SII 0.45 (0.49) 0.359 

(C20 * Taiwan) * SII -0.55 (0.49) 0.255 

(C22 * Taiwan) * SII -0.18 (0.49) 0.713 

(C23 * Taiwan) * SII -0.74 (0.49) 0.128 

(C25 * Taiwan) * SII -0.88 (0.49) 0.071 

(C26 * Taiwan) * SII -0.27 (0.49) 0.585 

(C27 * Taiwan) * SII -0.64 (0.49) 0.192 

(C28 * Taiwan) * SII -0.41 (0.49) 0.397 
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(C29 * Taiwan) * SII -0.96 (0.49) 0.050 

(C30 * Taiwan) * SII -0.67 (0.49) 0.168 

(C31 * Taiwan) * SII -0.97 (0.49) 0.048 

(C32 * Taiwan) * SII -0.38 (0.49) 0.432 

(F43 * Taiwan) * SII -0.54 (0.49) 0.270 

Observations 420 

R2 / R2 adjusted 0.957 / 0.950 

Notes: The regression output is for the detailed DDD model as specified in Equation 3. 
Each observation corresponds to the log of the number of patent applications by region, 
industry and year. Industries other than the control industry (biotech and new 
pharmaceuticals) are indicated by their three-figure NACE code. Only industries for 
which the null hypothesis of parallel pre-trends could not be rejected are included in 
the analysis. Taiwan is a dummy, taking a value of 1 for an observation from Taiwan 
and a value of 0 for an observation from Korea. SII refers to the post-treatment dummy. 
Standard errors are in parentheses. 

 

Table 27: Regression Output Detailed DDD  
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Regression Output Basic DDD Event Study including Industries C25, C29 and 
C31 only 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 6.68 (0.77) <0.001 

IndustryDummy -2.07 (0.89) 0.024 

Lag_8 -0.92 (1.09) 0.402 

Lag_7 -0.81 (1.09) 0.461 

Lag_6 -0.56 (1.09) 0.608 

Lag_5 -0.38 (1.09) 0.727 

Lag_4 -0.32 (1.09) 0.770 

Lag_3 -0.24 (1.09) 0.825 

Lag_2 -0.14 (1.09) 0.901 

Implementation_Year 0.11 (1.09) 0.918 

Lead_1 0.14 (1.09) 0.900 

Lead_2 0.16 (1.09) 0.885 

Lead_3 0.26 (1.09) 0.814 

Lead_4 0.44 (1.09) 0.685 

Lead_5 0.45 (1.09) 0.683 

Lead_6 0.50 (1.09) 0.650 

Taiwan -2.57 (1.09) 0.022 

IndustryDummy * Lag_8 0.01 (1.26) 0.993 

IndustryDummy * Lag_7 -0.26 (1.26) 0.839 

IndustryDummy * Lag_6 -0.09 (1.26) 0.946 

IndustryDummy * Lag_5 -0.16 (1.26) 0.899 

IndustryDummy * Lag_4 -0.17 (1.26) 0.891 

IndustryDummy * Lag_3 -0.14 (1.26) 0.914 

IndustryDummy * Lag_2 0.10 (1.26) 0.936 
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IndustryDummy *Implementation_Year -0.00 (1.26) 0.998 

IndustryDummy * Lead_1 0.02 (1.26) 0.985 

IndustryDummy * Lead_2 -0.00 (1.26) 1.000 

IndustryDummy * Lead_3 0.10 (1.26) 0.938 

IndustryDummy * Lead_4 -0.07 (1.26) 0.954 

IndustryDummy * Lead_5 -0.10 (1.26) 0.934 

IndustryDummy * Lead_6 -0.29 (1.26) 0.816 

IndustryDummy * Taiwan 0.01 (1.26) 0.993 

Lag_8 * Taiwan 0.14 (1.54) 0.926 

Lag_7 * Taiwan -0.13 (1.54) 0.931 

Lag_6 * Taiwan -0.23 (1.54) 0.883 

Lag_5 * Taiwan -0.16 (1.54) 0.916 

Lag_4 * Taiwan 0.12 (1.54) 0.940 

Lag_3 * Taiwan 0.17 (1.54) 0.914 

Lag_2 * Taiwan -0.02 (1.54) 0.992 

Implementation_Year *Taiwan -0.25 (1.54) 0.872 

Lead_1 * Taiwan -0.07 (1.54) 0.964 

Lead_2 * Taiwan 0.18 (1.54) 0.908 

Lead_3 * Taiwan 0.64 (1.54) 0.678 

Lead_4 * Taiwan 0.52 (1.54) 0.736 

Lead_5 * Taiwan 0.43 (1.54) 0.782 

Lead_6 * Taiwan 0.16 (1.54) 0.919 

(IndustryDummy * Lag_8) * Taiwan -0.27 (1.78) 0.880 

(IndustryDummy * Lag_7) * Taiwan 0.64 (1.78) 0.721 

(IndustryDummy * Lag_6) * Taiwan -0.22 (1.78) 0.904 

(IndustryDummy * Lag_5) * Taiwan 0.71 (1.78) 0.691 

(IndustryDummy * Lag_4) * Taiwan 0.58 (1.78) 0.747 
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(IndustryDummy * Lag_3) * Taiwan 0.01 (1.78) 0.995 

(IndustryDummy * Lag_2) * Taiwan -0.44 (1.78) 0.808 

(IndustryDummy * Implementation_Year) * 
Taiwan 

-0.21 (1.78) 0.905 

(IndustryDummy * Lead_1) * Taiwan -0.46 (1.78) 0.795 

(IndustryDummy * Lead_2) * Taiwan -0.40 (1.78) 0.825 

(IndustryDummy * Lead_3) * Taiwan -1.06 (1.78) 0.554 

(IndustryDummy * Lead_4) * Taiwan -1.16 (1.78) 0.518 

(IndustryDummy * Lead_5) * Taiwan -0.84 (1.78) 0.639 

(IndustryDummy * Lead_6) * Taiwan -1.51 (1.78) 0.400 

Observations 120 

R2 / R2 adjusted 0.910 / 0.821 

Notes: The regression output is for the DDD event study as specified in Equation 4. 
However, the dataset is restricted to only include the industries found to be significant 
in the detailed DDD analysis (C25, C29 and C31) and the biotech and new 
pharmaceuticals industry as control industry. Each observation corresponds to the log 
of the number of patent applications by region, industry and year. The IndustryDummy 
indicates whether an industry was subject to the SII, taking a value of 1 for an 
observation from a treated industry, and a value of 0 for an observation from the 
untreated biotech and new pharmaceuticals industry. Taiwan is a dummy, taking a 
value of 1 for an observation from Taiwan and a value of 0 for an observation from 
Korea. Lags and leads refer to the number of years before or after the implementation 
of the SII respectively. Standard errors are in parentheses. 

 

Table 28: Regression Output Basic DDD Event Study including Industries C25, C29 and C31 only 
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Figure 8: Estimates and 95% Confidence Intervals - Event Study with affected Industries 
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Appendix 8: Regression Output Robustness Checks  
 

Regression Output Basic DDD (Robustness Check) 

Dependent variable: log(number of patent applications by region, industry and year) 

  Basic DDD 
Robustness Check 

for Basic DDD 

Predictors Estimates p Estimates p 

(Intercept) 6.26 (0.90) <0.001 5.41 (0.93) <0.001 

IndustryDummy -1.70 (0.92) 0.066 -1.55 (0.95) 0.105 

Taiwan -2.58 (1.27) 0.043 -1.95 (1.31) 0.137 

SII 0.72 (1.32) 0.587 0.41 (1.31) 0.752 

IndustryDummy * Taiwan -1.39 (1.31) 0.288 -1.34 (1.34) 0.318 

IndustryDummy * SII -0.01 (1.35) 0.997 -0.17 (1.34) 0.901 

Taiwan * SII 0.25 (1.86) 0.896 0.44 (1.85) 0.814 

(IndustryDummy * Taiwan) 
* SII 

-0.37 (1.91) 0.849 -0.16 (1.90) 0.935 

GBERD_per_capita 
  

0.46 (0.05) <0.001 

Observations 600 478 

R2 / R2 adjusted 0.404 / 0.397 0.496 / 0.487 

Notes: For comparison purposes, the left-hand column replicates the regression output 
of the previously performed basic DDD analysis. The right-hand column presents the 
regression output for the corresponding robustness check, based on Equation 5. Each 
observation corresponds to the log of the number of patent applications by region, 
industry and year. The IndustryDummy indicates whether an industry was subject to 
the SII, taking a value of 1 for an observation from a treated industry, and a value of 0 
for an observation from the untreated biotech and new pharmaceuticals industry. Due 
to limited data availability, the industries F42 – Civil Engineering and F43 – Specialised 
Construction activities were excluded from the robustness check. Taiwan is a dummy, 
taking a value of 1 for an observation from Taiwan and a value of 0 for an observation 
from Korea. SII is the post-treatment dummy. Standard errors are in parentheses. 

 

Table 29: Regression Output Basic DDD (Robustness Check) 
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Regression Output Basic DDD Event Study (Robustness Check) 

Dependent variable: log(number of patent applications by region, industry and year) 

  
Basic DDD 

Event Study 

Robustness Check 
for Basic DDD 

Event Study 

Predictors Estimates p Estimates p 

(Intercept) 6.68 
(2.63) 

0.011 5.54 
(1.66) 

0.001 

IndustryDummy -1.69 
(2.69) 

0.531 -1.65 
(1.70) 

0.333 

Taiwan -2.57 
(3.71) 

0.490 -2.17 
(2.34) 

0.355 

Lag_8 -0.92 
(3.71) 

0.804 
  

Lag_7 -0.81 
(3.71) 

0.827 
  

Lag_6 -0.56 
(3.71) 

0.880 
  

Lag_5 -0.38 
(3.71) 

0.918 -0.44 
(2.86) 

0.878 

Lag_4 -0.32 
(3.71) 

0.931 -0.25 
(2.86) 

0.929 

Lag_3 -0.24 
(3.71) 

0.948 -0.19 
(2.86) 

0.949 

Lag_2 -0.14 
(3.71) 

0.971 0.03 
(2.86) 

0.992 

Implementation_Year 0.11 
(3.71) 

0.976 0.21 
(2.86) 

0.941 

Lead_1 0.14 
(3.71) 

0.970 -0.02 
(2.86) 

0.994 

Lead_2 0.16 
(3.71) 

0.966 0.00 
(2.86) 

0.999 

Lead_3 0.26 
(3.71) 

0.945 0.34 
(2.86) 

0.906 
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Lead_4 0.44 
(3.71) 

0.905 0.62 
(2.86) 

0.828 

Lead_5 0.45 
(3.71) 

0.904 0.48 
(2.86) 

0.868 

Lead_6 0.50 
(3.71) 

0.893 
  

IndustryDummy * Lag_8 -0.13 
(3.81) 

0.974 
  

IndustryDummy * Lag_7 0.04 
(3.81) 

0.991 
  

IndustryDummy * Lag_6 -0.04 
(3.81) 

0.992 
  

IndustryDummy * Lag_5 -0.05 
(3.81) 

0.990 0.31 
(2.94) 

0.917 

IndustryDummy * Lag_4 -0.01 
(3.81) 

0.998 0.24 
(2.94) 

0.935 

IndustryDummy * Lag_3 -0.04 
(3.81) 

0.992 0.10 
(2.94) 

0.973 

IndustryDummy * Lag_2 0.09 
(3.81) 

0.981 -0.04 
(2.94) 

0.990 

IndustryDummy * 
Implementation_Year 

0.05 
(3.81) 

0.990 -0.17 
(2.94) 

0.953 

IndustryDummy * Lead_1 0.00 
(3.81) 

1.000 0.06 
(2.94) 

0.983 

IndustryDummy * Lead_2 0.01 
(3.81) 

0.997 0.14 
(2.94) 

0.961 

IndustryDummy * Lead_3 0.07 
(3.81) 

0.985 -0.05 
(2.94) 

0.986 

IndustryDummy * Lead_4 -0.08 
(3.81) 

0.984 -0.12 
(2.94) 

0.967 

IndustryDummy * Lead_5 -0.06 
(3.81) 

0.988 -0.26 
(2.94) 

0.928 

IndustryDummy * Lead_6 -0.15 
(3.81) 

0.969 
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Taiwan * Lag_8 0.14 
(5.25) 

0.978 
  

Taiwan * Lag_7 -0.13 
(5.25) 

0.980 
  

Taiwan * Lag_6 -0.23 
(5.25) 

0.965 
  

Taiwan * Lag_5 -0.16 
(5.25) 

0.975 0.38 
(4.05) 

0.926 

Taiwan * Lag_4 0.12 
(5.25) 

0.982 0.35 
(4.05) 

0.931 

Taiwan * Lag_3 0.17 
(5.25) 

0.975 0.50 
(4.05) 

0.902 

Taiwan * Lag_2 -0.02 
(5.25) 

0.998 0.08 
(4.05) 

0.984 

Taiwan * 
Implementation_Year 

-0.25 
(5.25) 

0.962 -0.06 
(4.05) 

0.988 

Taiwan * Lead_1 -0.07 
(5.25) 

0.989 0.51 
(4.05) 

0.900 

Taiwan * Lead_2 0.18 
(5.25) 

0.973 0.76 
(4.05) 

0.851 

Taiwan * Lead_3 0.64 
(5.25) 

0.902 1.04 
(4.05) 

0.797 

Taiwan * Lead_4 0.52 
(5.25) 

0.921 0.83 
(4.05) 

0.838 

Taiwan * Lead_5 0.43 
(5.25) 

0.935 0.85 
(4.05) 

0.834 

Taiwan * Lead_6 0.16 
(5.25) 

0.976 
  

IndustryDummy * Taiwan -1.65 
(3.81) 

0.665 -1.82 
(2.40) 

0.450 

(IndustryDummy * Taiwan) 
* Lag_8 

0.34 
(5.39) 

0.949 
  

(IndustryDummy * Taiwan) 
* Lag_7 

-0.25 
(5.39) 

0.964 
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(IndustryDummy * Taiwan) 
* Lag_6 

-0.37 
(5.39) 

0.945 
  

(IndustryDummy * Taiwan) 
* Lag_5 

1.39 
(5.39) 

0.797 1.22 
(4.16) 

0.770 

(IndustryDummy * Taiwan) 
* Lag_4 

0.33 
(5.39) 

0.952 0.47 
(4.15) 

0.911 

(IndustryDummy * Taiwan) 
* Lag_3 

0.57 
(5.39) 

0.916 0.66 
(4.15) 

0.874 

(IndustryDummy * Taiwan) 
* Lag_2 

0.07 
(5.39) 

0.990 0.49 
(4.15) 

0.906 

(IndustryDummy * Taiwan) 
* Implementation_Year 

1.13 
(5.39) 

0.834 1.64 
(4.15) 

0.693 

(IndustryDummy * Taiwan) 
* Lead_1 

0.34 
(5.39) 

0.949 0.45 
(4.15) 

0.913 

(IndustryDummy * Taiwan) 
* Lead_2 

0.43 
(5.39) 

0.936 0.52 
(4.15) 

0.900 

(IndustryDummy * Taiwan) 
* Lead_3 

-0.65 
(5.39) 

0.903 -0.37 
(4.15) 

0.929 

(IndustryDummy * Taiwan) 
* Lead_4 

-0.70 
(5.39) 

0.897 -0.50 
(4.15) 

0.905 

(IndustryDummy * Taiwan) 
* Lead_5 

-0.23 
(5.39) 

0.965 0.15 
(4.15) 

0.971 

(IndustryDummy * Taiwan) 
* Lead_6 

-1.07 
(5.39) 

0.843 
  

GBERD_per_capita 
  

0.46 
(0.05) 

<0.001 

Observations 600 478 

R2 / R2 adjusted 0.422 / 0.359 0.506 / 0.455 

Notes: For comparison purposes, the left-hand column replicates the regression output 
of the previously performed basic DDD event study. The right-hand column presents 
the regression output for the corresponding robustness check, based on Equation 6. 
Each observation corresponds to the log of the number of patent applications by region, 
industry and year. The IndustryDummy indicates whether an industry was subject to 
the SII, taking a value of 1 for an observation from a treated industry, and a value of 0 
for an observation from the untreated biotech and new pharmaceuticals industry. Due 
to limited data availability, the industries F42 – Civil Engineering and F43 – Specialised 
Construction activities were excluded from the robustness check. Taiwan is a dummy, 
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taking a value of 1 for an observation from Taiwan and a value of 0 for an observation 
from Korea. Lags and leads refer to the number of years before or after the 
implementation of the SII respectively.. Standard errors are in parentheses. 

 

Table 30: Regression Output Basic DDD Event Study (Robustness Check) 
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Regression Output Detailed DDD (Robustness Check) 

Dependent variable: log(number of patent applications by region, industry and year) 

  Detailed DDD 
Robustness Check 
for Detailed DDD 

Predictors Estimates p Estimates p 

(Intercept) 6.26 (0.17) <0.001 6.26 (0.18) <0.001 

C131415 -2.19 (0.24) <0.001 -2.12 (0.24) <0.001 

C20 -0.20 (0.24) 0.405 -0.31 (0.24) 0.192 

C22 -2.44 (0.24) <0.001 -2.37 (0.24) <0.001 

C23 -2.04 (0.24) <0.001 -1.91 (0.24) <0.001 

C25 -1.97 (0.24) <0.001 -1.86 (0.24) <0.001 

C26 1.59 (0.24) <0.001 1.06 (0.35) 0.003 

C27 0.19 (0.24) 0.429 0.29 (0.23) 0.221 

C28 0.51 (0.24) 0.029 0.14 (0.27) 0.601 

C29 -1.60 (0.24) <0.001 -1.61 (0.24) <0.001 

C30 -2.35 (0.24) <0.001 -2.23 (0.24) <0.001 

C31 -2.90 (0.24) <0.001 -2.79 (0.24) <0.001 

C32 -0.16 (0.24) 0.494 -0.08 (0.24) 0.730 

F43 -2.19 (0.24) <0.001 
  

Taiwan -2.58 (0.24) <0.001 -2.49 (0.24) <0.001 

SII 0.72 (0.24) 0.003 0.52 (0.23) 0.028 

C131415 * Taiwan -0.71 (0.33) 0.033 -0.81 (0.33) 0.015 

C20 * Taiwan -1.23 (0.33) <0.001 -1.09 (0.34) 0.001 

C22 * Taiwan -0.46 (0.33) 0.165 -0.43 (0.33) 0.198 

C23 * Taiwan -0.91 (0.33) 0.007 -0.84 (0.33) 0.012 

C25 * Taiwan 0.25 (0.33) 0.457 0.12 (0.33) 0.715 

C26 * Taiwan -0.60 (0.33) 0.071 -0.29 (0.38) 0.443 

C27 * Taiwan -0.31 (0.33) 0.350 -0.34 (0.33) 0.307 
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C28 * Taiwan -0.54 (0.33) 0.103 -0.26 (0.36) 0.470 

C29 * Taiwan -0.06 (0.33) 0.857 -0.08 (0.33) 0.805 

C30 * Taiwan 0.15 (0.33) 0.642 0.16 (0.33) 0.625 

C31 * Taiwan 0.23 (0.33) 0.496 0.26 (0.33) 0.442 

C32 * Taiwan -0.27 (0.33) 0.422 -0.20 (0.33) 0.556 

F43 * Taiwan -0.49 (0.33) 0.140 
  

C131415 * SII -0.35 (0.34) 0.307 -0.27 (0.33) 0.418 

C20 * SII 0.12 (0.34) 0.727 0.05 (0.33) 0.890 

C22 * SII -0.09 (0.34) 0.785 -0.05 (0.33) 0.885 

C23 * SII 0.16 (0.34) 0.646 0.15 (0.33) 0.649 

C25 * SII 0.11 (0.34) 0.760 -0.06 (0.34) 0.871 

C26 * SII 0.00 (0.34) 0.998 -0.10 (0.33) 0.755 

C27 * SII 0.15 (0.34) 0.658 0.01 (0.33) 0.967 

C28 * SII -0.19 (0.34) 0.584 -0.13 (0.33) 0.704 

C29 * SII 0.11 (0.34) 0.739 0.10 (0.33) 0.760 

C30 * SII 0.05 (0.34) 0.874 -0.14 (0.34) 0.692 

C31 * SII -0.11 (0.34) 0.755 0.03 (0.33) 0.939 

C32 * SII 0.10 (0.34) 0.780 0.11 (0.33) 0.745 

F43 * SII -0.26 (0.34) 0.455 
  

Taiwan * SII 0.25 (0.34) 0.477 0.29 (0.33) 0.383 

(C131415 * Taiwan) * SII 0.45 (0.49) 0.359 0.57 (0.47) 0.222 

(C20 * Taiwan) * SII -0.55 (0.49) 0.255 -0.47 (0.47) 0.323 

(C22 * Taiwan) * SII -0.18 (0.49) 0.713 -0.21 (0.47) 0.655 

(C23 * Taiwan) * SII -0.74 (0.49) 0.128 -0.75 (0.47) 0.109 

(C25 * Taiwan) * SII -0.88 (0.49) 0.071 -0.60 (0.47) 0.205 

(C26 * Taiwan) * SII -0.27 (0.49) 0.585 -0.17 (0.47) 0.711 

(C27 * Taiwan) * SII -0.64 (0.49) 0.192 -0.50 (0.47) 0.290 
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(C28 * Taiwan) * SII -0.41 (0.49) 0.397 -0.33 (0.47) 0.476 

(C29 * Taiwan) * SII -0.96 (0.49) 0.050 -0.85 (0.47) 0.070 

(C30 * Taiwan) * SII -0.67 (0.49) 0.168 -0.48 (0.47) 0.311 

(C31 * Taiwan) * SII -0.97 (0.49) 0.048 -0.83 (0.47) 0.076 

(C32 * Taiwan) * SII -0.38 (0.49) 0.432 -0.48 (0.47) 0.303 

(F43 * Taiwan) * SII -0.54 (0.49) 0.270 
  

GBERD_per_capita 
  

0.07 (0.03) 0.028 

Observations 420 312 

R2 / R2 adjusted 0.957 / 0.950 0.968 / 0.961 

Notes: For comparison purposes, the left-hand column replicates the regression output 
of the previously performed detailed DDD analysis. The right-hand column presents 
the regression output for the corresponding robustness check, based on Equation 5. 
Each observation corresponds to the log of the number of patent applications by region, 
industry and year. Industries other than the control industry (biotech and new 
pharmaceuticals) are indicated by their three-figure NACE code. Only industries for 
which the null hypothesis of parallel pre-trends could not be rejected are included in 
the analysis. Due to limited data availability, the industries F42 – Civil Engineering and 
F43 – Specialised Construction activities were excluded from the robustness check. 
Taiwan is a dummy, taking a value of 1 for an observation from Taiwan and a value of 
0 for an observation from Korea. SII is the post-treatment dummy. Standard errors are 
in parentheses. 

 

Table 31: Regression Output Detailed DDD (Robustness Check) 
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Testing for Parallel Pre-Trends – Basic DDD (GBERD Robustness Check) 

Dependent variable: log(number of patent applications by region, industry and year) 

Predictors Estimates p 

(Intercept) 6.05 
(2.42) 

0.013 

Not_C21 -1.75 
(2.48) 

0.481 

Year 0.10 
(0.62) 

0.868 

CountryDummy -2.75 
(3.42) 

0.422 

Not_C21 * Year 0.02 
(0.64) 

0.979 

Not_C21 * CountryDummy -1.13 
(3.51) 

0.747 

Year * CountryDummy 0.05 
(0.88) 

0.958 

(Not_C21 * Year) * 
CountryDummy 

-0.05 
(0.90) 

0.953 

Observations 240 

R2 / R2 adjusted 0.381 / 0.362 

Notes: The pre-test uses OECD data on the number of annual patent applications per 
industry for the eight years before the SII was implemented in tax returns in 2012 
(2006-2011). Each observation corresponds to the log of the number of patent 
applications by region, industry and year. The eight years included in the pre-test are 
coded as Years 1 to 6. Not_C21 refers to all industries other than the control industry 
(biotech and new pharmaceuticals). CountryDummy36 is a dummy variable that takes 
on a value of 1 for an observation from Taiwan, and a value of 0 for an observation from 
Korea. Standard errors are in parentheses. 

 

Table 32: Testing for Parallel Pre-Trends – Basic DDD (GBERD Robustness Check) 

  

 
36 The term “CountryDummy” is used to distinguish between Taiwan and the Republic of Korea. Readers be 

advised that throughout this study the term “country” carries no political connotation and is to be understood 

exclusively as reference for an economy. 
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Regression Output Robustness Check Basic DDD using GBERD as Dependent 
Variable 

Dependent variable: GBERD_per_capita by region, industry and year 

Predictors Estimates p 

(Intercept) 2.17 
(0.84) 

0.010 

IndustryDummy -0.33 
(0.86) 

0.704 

Taiwan -1.38 
(1.19) 

0.249 

SII 0.26 
(1.19) 

0.828 

IndustryDummy * SII 0.38 
(1.22) 

0.753 

Taiwan * SII -0.37 
(1.68) 

0.825 

IndustryDummy * Taiwan 0.05 
(1.22) 

0.965 

(IndustryDummy * Taiwan) 
* SII 

-0.26 
(1.73) 

0.879 

Observations 478 

R2 / R2 adjusted 0.147 / 0.135 

Notes: Regression output is for the DDD robustness check model as specified in 
Equation 7. Each observation corresponds to the amount of GBERD per capita 
expressed in constant 2015 US-dollars by region, industry and year. The 
IndustryDummy indicates whether an industry was subject to the SII, taking a value of 
1 for an observation from a treated industry, and a value of 0 for an observation from 
the untreated biotech and new pharmaceuticals industry. Taiwan is a dummy, taking a 
value of 1 for an observation from Taiwan and a value of 0 for an observation from 
Korea. SII is the post-treatment dummy. Standard errors are in parentheses. 

 

Table 33: Regression Output Robustness Check Basic DDD using GBERD as Dependent Variable 
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Regression Output Robustness Check Detailed DDD using GBERD as Dependent 
Variable 

Dependent variable: GBERD_per_capita by region, industry and year 

Predictors Estimates p 

(Intercept) 2.17 (0.32) <0.001 

C131415 -1.65 (0.46) <0.001 

C20 1.58 (0.46) 0.001 

C22 -1.48 (0.46) 0.001 

C23 -1.83 (0.46) <0.001 

C25 -1.36 (0.46) 0.003 

C26 8.31 (0.46) <0.001 

C27 -0.20 (0.46) 0.669 

C28 4.47 (0.46) <0.001 

C29 0.89 (0.46) 0.053 

C30 -0.69 (0.46) 0.131 

C31 -2.15 (0.46) <0.001 

C32 -1.41 (0.46) 0.002 

Taiwan -1.38 (0.46) 0.003 

SII 0.26 (0.46) 0.570 

C131415 * Taiwan 1.16 (0.65) 0.073 

C20 * Taiwan -1.62 (0.65) 0.013 

C22 * Taiwan 0.91 (0.65) 0.158 

C23 * Taiwan 1.10 (0.65) 0.089 

C25 * Taiwan 0.89 (0.65) 0.168 

C26 * Taiwan -5.60 (0.65) <0.001 

C27 * Taiwan -0.17 (0.65) 0.794 

C28 * Taiwan -4.20 (0.65) <0.001 

C29 * Taiwan -1.41 (0.65) 0.030 
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C30 * Taiwan 0.10 (0.65) 0.872 

C31 * Taiwan 1.37 (0.65) 0.034 

C32 * Taiwan 1.01 (0.65) 0.119 

C131415 * SII 0.05 (0.65) 0.939 

C20 * SII 1.15 (0.65) 0.075 

C22 * SII -0.09 (0.65) 0.887 

C23 * SII -0.10 (0.65) 0.875 

C25 * SII 2.30 (0.65) <0.001 

C26 * SII 1.12 (0.65) 0.085 

C27 * SII 0.77 (0.65) 0.234 

C28 * SII 0.07 (0.65) 0.917 

C29 * SII -0.24 (0.65) 0.713 

C30 * SII 2.59 (0.65) <0.001 

C31 * SII -0.25 (0.65) 0.694 

C32 * SII 0.41 (0.65) 0.530 

Taiwan * SII -0.37 (0.65) 0.563 

(C131415 * Taiwan) * SII 0.16 (0.91) 0.857 

(C20 * Taiwan) * SII -1.20 (0.91) 0.189 

(C22 * Taiwan) * SII 0.16 (0.91) 0.859 

(C23 * Taiwan) * SII 0.22 (0.91) 0.810 

(C25 * Taiwan) * SII -2.10 (0.91) 0.022 

(C26 * Taiwan) * SII -0.76 (0.91) 0.403 

(C27 * Taiwan) * SII -0.59 (0.91) 0.521 

(C28 * Taiwan) * SII 0.17(0.91) 0.850 

(C29 * Taiwan) * SII 0.24 (0.91) 0.793 

(C30 * Taiwan) * SII -2.45 (0.91) 0.008 

(C31 * Taiwan) * SII 0.37 (0.91) 0.687 
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(C32 * Taiwan) * SII -0.22 (0.91) 0.812 

Observations 312 

R2 / R2 adjusted 0.924 / 0.909 

Notes: Regression output for the detailed DDD robustness check model as specified in 
Equation 7. Each observation corresponds to the amount of GBERD per capita 
expressed in constant 2015 US-dollars by region, industry and year. Industries other 
than the control industry (biotech and new pharmaceuticals) are indicated by their 
three-figure NACE code. Only industries for which the null hypothesis of parallel pre-
trends could not be rejected are included in the analysis. Taiwan is a dummy, taking a 
value of 1 for an observation from Taiwan and a value of 0 for an observation from 
Korea. SII is the post-treatment dummy. Standard errors are in parentheses. 

 

Table 34: Regression Output Robustness Check Detailed DDD 
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Regression Output Robustness Check Basic DDD using GBERD as Dependent 
Variable 

Dependent variable: GBERD_per_capita by region, industry and year 

Predictors Estimates p 

(Intercept) 1.85 (1.51) 0.222 

IndustryDummy -0.13 (1.55) 0.934 

Taiwan -1.11 (2.14) 0.605 

Lag_5 0.73 (2.62) 0.780 

Lag_4 0.47 (2.62) 0.859 

Lag_3 0.48 (2.62) 0.854 

Lag_2 0.25 (2.62) 0.923 

Implementation_Year 0.40 (2.62) 0.880 

Lead_1 0.95 (2.62) 0.716 

Lead_2 0.94 (2.62) 0.720 

Lead_3 0.43 (2.62) 0.870 

Lead_4 0.23 (2.62) 0.931 

Lead_5 0.54 (2.62) 0.836 

IndustryDummy * Lag_5 -0.78 (2.69) 0.773 

IndustryDummy * Lag_4 -0.50 (2.69) 0.853 

IndustryDummy * Lag_3 -0.25 (2.69) 0.925 

IndustryDummy * Lag_2 0.31(2.69) 0.907 

IndustryDummy * Implementation_Year 0.52 (2.69) 0.848 

IndustryDummy * Lead_1 -0.09 (2.69) 0.972 

IndustryDummy * Lead_2 -0.24 (2.69) 0.928 

IndustryDummy * Lead_3 0.31 (2.69) 0.909 

IndustryDummy * Lead_4 0.14 (2.69) 0.958 

IndustryDummy * Lead_5 0.48 (2.69) 0.858 

Taiwan * Lag_5 -0.92 (3.71) 0.805 
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Taiwan * Lag_4 -0.26 (3.71) 0.945 

Taiwan * Lag_3 -0.47 (3.71) 0.900 

Taiwan * Lag_2 0.03 (3.71) 0.993 

Taiwan * Implementation_Year -0.16 (3.71) 0.966 

Taiwan * Lead_1 -1.01 (3.71) 0.786 

Taiwan * Lead_2 -1.01 (3.71) 0.786 

Taiwan * Lead_3 -0.61 (3.71) 0.870 

Taiwan * Lead_4 -0.41 (3.71) 0.911 

Taiwan * Lead_5 -0.66 (3.71) 0.859 

IndustryDummy * Taiwan -0.05 (2.20) 0.984 

(IndustryDummy * Taiwan) * Lag_5 0.82 (3.80) 0.830 

(IndustryDummy * Taiwan) * Lag_4 0.10 (3.80) 0.979 

(IndustryDummy * Taiwan) * Lag_3 0.20 (3.80) 0.958 

(IndustryDummy * Taiwan) * Lag_2 -0.51 (3.80) 0.893 

(IndustryDummy * Taiwan) * Implementation_Year -0.69 (3.80) 0.856 

(IndustryDummy * Taiwan) * Lead_1 0.16 (3.80) 0.966 

(IndustryDummy * Taiwan) * Lead_2 0.21 (3.80) 0.956 

(IndustryDummy * Taiwan) * Lead_3 -0.21 (3.80) 0.956 

(IndustryDummy * Taiwan) * Lead_4 -0.02 (3.80) 0.995 

(IndustryDummy * Taiwan) * Lead_5 -0.43 (3.80) 0.909 

Observations 478 

R2 / R2 adjusted 0.153 / 0.069 

Notes: Regression output for the detailed DDD robustness check model as specified in 
Equation 7. Each observation corresponds to the amount of GBERD per capita 
expressed in constant 2015 US-dollars by region, industry and year. The 
IndustryDummy indicates whether an industry was subject to the SII, taking a value of 
1 for an observation from a treated industry, and a value of 0 for an observation from 
the untreated biotech and new pharmaceuticals industry. Due to limited data 
availability, the industries F42 – Civil Engineering and F43 – Specialised Construction 
activities were excluded from the robustness check. Taiwan is a dummy, taking a value 
of 1 for an observation from Taiwan and a value of 0 for an observation from Korea. 
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Lags and leads refer to the number of years before or after the implementation of the 
SII respectively. Standard errors are in parentheses. 

 

Table 35: Regression Output Robustness Check Basic  
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Appendix 9: Overview of Model Components 
 

 

𝑝𝑖𝑡𝑐 

 

Outcome variable: Patents per region, industry and year 

 

𝑆𝐼𝐼 

 

Post-treatment dummy in the basic DD and DDD model, which takes 

the value of 0 for observations from before the SII was implemented 

in 2012 and the value of 1 for observations after the SII’s 

implementation. 

 

𝐿𝑎𝑔 𝑗 

 

Year fixed effects prior to the intervention 

 

𝐿𝑒𝑎𝑑 𝑘 

 

Year fixed effects after the intervention 

 

𝐼𝑐𝑖𝑦 

 

An indicator variable for the industry. Depending on the regression 

run, this is an indicator that groups industries into biotech and new 

pharmaceuticals and all other industries (Basic DD and DDD) or into 

NACE Rev.2 categories (Detailed DD and DDD) 

 

𝑇𝑐𝑖𝑦 

 

A dummy, which takes the value of 0 for observations from Korea and 

the value of 1 for observations from Taiwan. 

 

𝐺𝐵𝐸𝑅𝐷 

 

Business expenditure in R&D with funds from government sources. 

This is used as a proxy for direct R&D subsidies. Additional covariate 

in the robustness checks. 

 
Table 36: Overview of Regression Variables 
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Appendix 10: Overview of Variable Coding 
 

 

𝐶𝑜𝑢𝑛𝑡𝑟𝑦𝐷𝑢𝑚𝑚𝑦 

 

The term country dummy is used to distinguish between Taiwan and 

the Republic of Korea. Within this study the term “country” carries no 

political connotation and is to be understood exclusively as reference 

for an economy. 
 

𝐶21 

 

Proxy for the control industry: Biotech and New Pharmaceuticals 

 

𝐺𝐵𝐸𝑅𝐷 

 

Business expenditure in R&D with funds from government sources. 

This is used as a proxy for direct R&D subsidies. Additional covariate 

in the robustness checks. 

 

𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑦𝐷𝑢𝑚𝑚𝑦 

 

The indicator variable for the industry. Depending on the regression 

run, this is an indicator that groups industries into biotech and new 

pharmaceuticals and all other industries (Basic DD and DDD) or into 

NACE Rev.2 categories (Detailed DD and DDD) 

 

𝐿𝑎𝑔_𝑗 

 

Dummy variable indicating 𝑗 years before the intervention in year 

2012. 

 

𝐿𝑒𝑎𝑑_𝑘 

 

Dummy variable indicating 𝑘 years after the intervention in year 

2012. 

 

𝑆𝐼𝐼 

 

Post-treatment dummy in the basic DD and DDD model, which takes 

the value of 0 for observations from before the SII was implemented 

in 2012 and the value of 1 for observations after the SII’s 

implementation. 

 

𝑇𝑎𝑖𝑤𝑎𝑛 

 

The dummy, which takes the value of 0 for observations from Korea 

and the value of 1 for observations from Taiwan. 

 

Table 37: Overview of Variable Coding 
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