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Abstract

Purpose: Many studies have analyzed the impact of terrorism on economic growth, but the 

terrorism-innovation nexus is very rare in academic literature. Hence, this study aims to 

theoretically and empirically examine the effect of terrorism on innovation activity. 

Study design/methodology/approach: We employ OLS, system GMM, and quantile regression 

on a panel dataset of 31 economies for 1990-2022. 

Findings: The study's findings indicate that terrorism negatively and significantly impacts 

innovation activity. Various robustness checks further support the results of this study. Moreover, 

the study findings also identify possible channels, such as domestic investment, foreign direct 

investment, and trade openness, through which terrorism affects innovation activity.

Originality/value: The outcomes of this study will not only provide policy recommendations for 

sustainable national innovation and offer a better understanding of the subject matter.

Keywords: Terrorism, innovation activity, Panel data, OLS, System GMM, Quantile regression

JEL Classfication: O31, O33, H65, F51, C33



1. Introduction

The definition of terrorism is often ambiguous in economics and legal studies literature. The 

United Nations Security Council defines terrorism as a criminal act against civilians that causes 

death, acute injuries, and property damage. According to the Global Terrorism Index, terrorism 

refers to an offense, violence, or illegal use of force by non-state actors to achieve political, 

social, economic, or religious goals through pressure, fear, and coercion. The distinction between 

common crime and terrorism is also unclear, as some terrorists often commit kidnapping, drug 

trafficking, and blackmail. In general, terrorism refers to any activity that harms a country's 

economy and damages its human and physical capital (Chang, 2020; Noman et al., 2023; Collier, 

1999). 

Peace and security are essential for economic growth and sustainable development. Terrorism is 

a prominent issue, with numerous researchers investigating its effects, determinants, and 

consequences. Many academic studies have found that terrorism negatively impacts 

macroeconomic variables such as investment, consumption, and government development 

expenditures (Gohar, et al., 2022b, 2022c; Gaibulloev & Sandler, 2008; Crain & Crain, 2006). 

Specifically, terrorism reduces foreign direct investment, tourism, output, economic growth, and 

trade while increasing security costs and insurance premiums (Chang et al., 2022a, 2022b; 

Maydybura, et al., 2022; Keefer & Loayza, 2008). Terrorism creates uncertainty, which leads to 

a reduction in short- and long-term public and private investment projects. Governments often 

increase spending on security at the expense of public spending on education and infrastructure, 

negatively affecting economic growth (Bird, Blomberg & Hess, 2008). Additionally, terrorism 

deteriorates physical capital and reduces trade flows due to risk and lower returns on investment 

(Abadie & Gardeazabal, 2008). Terrorist attacks create uncertainty and increase insecurity for 

investors, leading to economic distortion and inefficiencies (Chang et al., 2018, 2020a, 2020b; 

Brück, 2006; Tufail, 2010).

In addition, terrorist attacks also increase insurance premiums, which, in turn, raises business 

costs. As the frequency of terrorist attacks rises, insurance companies perceive a higher potential 

risk of terrorism and subsequently increase insurance premiums. The aviation sector is 

particularly affected by this increase in insurance premiums, but other industries, such as tourism, 

construction, energy generation, and transportation sectors, are also impacted. Companies that 

invest in sensitive areas, such as electricity transmission lines, power stations, chemical plants, 

and oil and gas pipelines, face more significant security risks. The heightened security risk in 

these sectors leads to lower business profitability due to higher insurance costs.

There is a lack of research on the relationship between terrorism and innovation in academic 

literature. However, some scholars have analyzed the impact of terrorism on innovation from 

various perspectives. Terrorism requires a country to divert its budget from public spending to 

security-related expenses, reducing economic productivity. Trade openness and foreign direct 

investment (FDI) are critical for transmitting technology and innovation from one country to 



another. Terrorism increases trade costs, such as high airfreight, prolonged customs clearance 

processes, and restrictions on terrorism-affected countries. Terrorism also reduces domestic and 

foreign direct investments, crucial for economic growth, knowledge transfer, and technology 

diffusion, hindering innovation activities in a host country. Controlled and restricted immigration 

systems reduce the smooth flow of labor and technical experts, hindering the participation of 

foreign talent in technological innovation and research.

Although limited studies have examined the influence of terrorism on innovation, none have 

provided empirical evidence. Therefore, this study aims to analyze the impact of terrorism on 

innovation activity through theoretical and empirical analysis. This study also identifies the 

channels through which terrorism affects innovation in selected countries. The study has the 

following objectives.

● To address the lack of theoretical and empirical research on the relationship between 

terrorism and innovation.

● To identify the various channels through which terrorism can impact innovation activity.

● To provide policy recommendations based on the study's findings to promote sustainable 

innovation activity.

2. Literature Review and Hypotheses of the Study

The Global Terrorism Index defines terrorism as using illegal force, violence, or offense by non-

state individuals to achieve political, social, economic, or religious goals through coercion, fear, 

or pressure. The distinction between common crime and terrorism is often unclear because 

terrorist organizations can also engage in criminal activities such as kidnapping, drug trafficking, 

and extortion.

Terrorism and its impacts have been widely discussed in existing literature, especially after the 

9/11 attacks in the USA. Terrorism has become a major global issue since then, and its domestic 

and international forms can have negative social and economic effects on society. In certain 

situations, terrorism can be used as a political tool by local or international opponents to harm 

other countries (Gohar et al., 2022d; Wang et al., 2022; Sandler & Enders, 2002).

Terrorism can cause various economic damages, including reduced capital flows, declining 

foreign direct investment, destruction of infrastructure, reduced trade and tourism, decreased 

economic growth, and increased security costs (Keefer & Loayza, 2008; Gaibulloev & Sandler, 

2008).

Several studies have examined the macroeconomic consequences of terrorism and found that it 

negatively impacts public spending, investment, and consumption (Crain & Crain, 2006; Bird et 

al., 2008). Ali et al. (2022), Uche et al. (2022a), and Daniel and Thomas (2013) investigated the 

causal link between terrorism and economic growth. They found that during the Cold War era, 



terrorism was unidirectional in its impact on growth, while in the post-Cold War era, growth was 

unilaterally caused by terrorism.

Since the 9/11 attacks, terrorist incidents have resulted in a slower investment rate from 

developed to developing economies due to increased risks. Additionally, heightened border 

controls have discouraged cross-border investors.

2.1 Terrorism and Innovation Activity

Innovation activity depends on several factors, including investment in research and 

development (R&D), R&D personnel, and a peaceful environment. Developed economies tend to 

be more innovative than developing economies due to their higher investment in R&D, which is 

a crucial input for innovation. Foreign direct investment (FDI) and trade openness are vital in 

transferring technology and knowledge to the host country. However, terrorism has been found 

to negatively impact economic growth and reduce innovation activities. The rise of terrorist 

incidents leads to increased public spending on security measures and private companies 

investing more in private security to secure their investments. This results in increased 

investment costs, which directly affects the rate of innovation by reducing productive 

investments by both the government and the private sector.

Additionally, the "war on terror" can force governments to shift their investments from public 

spending to security matters, which may increase the demand for capital and increase interest 

rates which, in turn, can raise the cost of R&D investment, negatively impact innovation rates 

(Chang and Rajput, 2018; Peng et al., 2022; Koh, 2007). Terrorism incidents can also affect 

domestic investment, causing uncertainty and decreased capital accumulation. With limited 

capital, governments may allocate more of their budget towards necessities, further reducing a 

country's innovation activities as shown in the following hypothesis:

H1: Terrorism reduces innovation activity

2.2 Theoretical Mechanism

Terrorism affects innovation activity through the following channels: (1) domestic investment, (2) 

FDI, and (3) trade openness.

2.2.1. Terrorism and domestic investment

The existing literature indicates that investment stimulates innovation activities, particularly 

investment in R&D, whether private or public. Such investment increases the number of patents 

and trademarks. However, investors always require a safe and peaceful environment and 

developed infrastructure such as roads, railways, and telecommunication facilities. Terrorism 

incidents discourage domestic investment, increasing the cost of capital due to higher investment 

risks which, in turn, reduces capital accumulation in the country. Additionally, due to the rise in 

terrorism incidents, public development funds are often allocated to security-related matters, 



leaving private investors with an unfavorable investment environment (Eckstein & Tsiddon, 

2004; Persitz, 2007; Llussa’ & Tavares, 2011).

Terrorism incidents increase uncertainty in a country, reducing short-term and long-term public 

and private investment projects (Hashmi & Chang, 2021; Uche et al., 2022b; Gaibulloev & 

Sandler, 2008). Moreover, terrorism also deteriorates physical capital, reduces trade flows, and 

lowers returns on investment due to high-risk elements (Gohar et al., 2022a, 2023; Abadie & 

Gardeazabal, 2008). Terrorist attacks are a type of risk that creates uncertainty (Brück, 2006), 

leading to increased insecurity for investors (Tufail, 2010) which, in turn, leads to economic 

distortion and inefficiencies. As a result, the rise in terrorism incidents decreases domestic 

investment, which reduces innovation activity as shown in the following hypotheses:

H2a: Domestic investment increases innovation activity,

H2b: Terrorist activities decrease domestic investment.

2.2.2. Terrorism and Foreign Direct Investment

FDI boosts capital accumulation, employment, and technology transfer, among other economic 

benefits. Despite having more natural resources, most developing nations need help to generate 

high-tech products; as a result, these nations look to FDI for knowledge transfer. According to 

Cheung and Lin (2004), developing nations primarily attract FDI to acquire new technology, 

skilled workforce, and other reverse engineering procedures. High-tech products produced by 

MNCs have the potential to boost global market competition. Additionally, MNCs invest more in 

R&D, which generates the newest concepts, production techniques, and processes, fostering 

innovation and technical growth in the host nation (Zhang, 2014; Grossman & Helpman, 1991).

FDI has emerged as an innovation stimulator; however, terrorism decreases FDI, indirectly 

reducing innovation activities. Terrorism increases risk, leading to declining FDI (Abadie et al., 

2008; Filer & Stanisic, 2016; Bandyopadhyay et al., 2013). Chang et al. (2019a; 2019b) and 

Blomberg and Mody's (2005) study concluded that violence in any form affects FDI inflows, but 

the influence is different in developing and developed countries. Terrorism incidents increase the 

cost of security, insurance, and doing business, as well as uncertainty, which affects overall FDI 

inflows in the host country (Xue et al., 2023a, 2023b; Dash et al., 2023) as shown in the 

following hypotheses:

H3 a: FDI increases innovation activity,

H3 b: Terrorism hurts foreign direct investment.

2.2.3. Terrorism and Trade Openness

Some argue that trade openness is the main driver of domestic and global innovation. Opening 

up to trade enhances competitiveness, pushing businesses to adopt cutting-edge technology and 

innovation to keep up with market demands. By being open and acquiring a broad knowledge 



base, developing economies can benefit from technology transfer, which increases their internal 

output. This practice is accelerated by international trade, which acts as the primary channel for 

disseminating modern technology and establishes the integration of global knowledge into 

domestic production processes. These efforts can help improve the quality of the market's supply 

chain, create cutting-edge products and services, and increase competition in the current business 

climate (Wacziarg, 2002; Xue et al., 2023c, 2023d).

In addition, terrorism affects various macroeconomic variables, including trade openness. Trade 

between countries requires a risk-free environment and a secure goods and services supply chain. 

Terrorist attacks are a risk that creates uncertainty (Derindag et al., 2023a, 2023b; Brück, 2006) 

and increase security costs and insurance premiums (Keefer & Loayza, 2008). As a result, due to 

terrorism, trade costs increase, ultimately reducing trade volume between countries. Trade 

openness promotes innovation, but terrorism reduces trade openness, leading us to develop the 

following hypotheses:

H4a: Trade openness increases innovation activity,

H4b: Terrorism hurts trade openness.

H1

H2a H3a H3b

H2b H4a   H4b

Methods and materials

Figure 1: Conceptual mechanism

Terrorism Innovation activity

Domestic investment Trade opennessForeign direct investment



3. Methodology 

In this section, we outline our basic model, describe the estimation techniques used to conduct 

our analysis and present the data on related variables and their sources.

3.1. Empirical model

3.1.1. Basic model

Benchmark model is given below:

𝐼𝑛𝑣𝑖,𝑡 = 𝛽1 + 𝛽2𝑇𝑇𝑅𝑖,𝑡 + 𝛽3𝑃𝑂𝑃𝑖,𝑡 + 𝛽4𝐼𝑁𝐷𝑈𝑆𝑇𝑖,𝑡 + 𝛽5𝑇𝑂 + 𝛽6𝐻𝑇𝑋𝑖,𝑡 + 𝛽7𝑇𝐶𝐺𝑖,𝑡 +

𝛽8𝐸𝐷𝑈𝑖,𝑡 + 𝜀𝑖,𝑡 (1)

The measure of innovation t, denoted by 𝐼𝑛𝑣𝑖,𝑡, is indicated by the number of resident and non-

resident patents and trademarks in the nation i at the time. TCG represents technical cooperation 

grants, HTX stands for high technology exports, TO denotes trade openness, INDUST stands for 

the share of the manufacturing sector, and EDU represents secondary education. The error term 

is denoted by 𝜀𝑖,𝑡. We used a simple ordinary least squares (OLS) method to estimate our basic 

model. The variables used in Equation 1 are in line with the study of Syed et al. (2019) Hashmi 

et al. (2021a, 2021b, 2022), Uddin et al. (2022), and Zakeria et al. (2019).

3.1.2. System GMM Estimation

System Generalized Method of Moments (GMM) is a commonly used technique to handle 

endogeneity issues in panel data. The basic model for GMM estimation is presented below:

𝑌𝑖,𝑡 = 𝛽1𝑌𝑖,𝑡−1 + 𝛼1𝑋𝑖,𝑡 + 𝛼′𝑋 + 𝜎𝑖 +  𝑣𝑡 + 𝑢𝑖,𝑡 (2)

The explained variable 𝑌𝑖,𝑡 in the equation represents innovation, measured as the total count of 

patents held by residents and non-residents and the number of trademarks in a specific country i 

at a given time t. The dependent variable also includes the lag of the explained variable, denoted 

as 𝑌𝑖,𝑡−1. The main independent variable is terrorism, which we measure as the total number of 

casualties and injuries resulting from terrorist activities in a specific country during a specific 

period. We also include control variables denoted as X, unobservable country-specific effect as 

𝜎𝑖, common time effect as 𝑣𝑡 , and the idiosyncratic error term is represented as 𝑢𝑖,𝑡 .

We estimate Equation 2 using the Generalized Method of Moments (GMM) approach. To 

account for persistent data series, we use the two-system GMM estimator proposed by Blundell 

and Bond (1998), which is more efficient than difference GMM and is robust to autocorrelation 

and heteroskedasticity. We follow the methods used by Chang et al. (2020c), Derindag et al. 

(2022), Roper and Hewitt-Dundas (2015), Hsu et al. (2014), Wang et al. (2019), and Pradhan et 

al. (2018).



3.1.3. Panel Quantile estimation

The GMM estimator is widely employed as an empirical tool to estimate the impact of technical 

innovation, mainly due to the endogeneity problem. However, the empirical distribution of 

patent or trademark data makes existing GMM estimators practically unfeasible. Earlier methods 

simply summarized the average association between terrorism and technological progress using 

conditional mean functions under the assumption of normality. However, this approach only 

provides a partial picture of the relationship between the controlled factors, particularly when the 

data is concentrated at different points along the conditional distribution of the outcome variable. 

Quantile regression can address this issue by outlining the complete distribution of the dependent 

variables provided (Koenker & Bassett, 1978). Thus, we used quantile regression to further 

explore the influence of terrorism on innovation.

We followed Koenker and Bassett's (1978) method, and the basic model of panel quantile 

regression is provided below: 

𝑄𝜏(𝐼𝑛𝑜𝑣𝑖,𝑡|𝑋𝑖,𝑡) =  𝛽(𝜏)𝑋𝑖,𝑡 + 𝜐𝑖,𝑡 (3)

In the equation, the subscript i represents the country and the subscript t represents the period. 

The symbol 𝑄𝜏 represents the quantile, and 𝛽(𝜏) represents the parameter of interest, which 

varies with the quantile τ. The dependent variable is represented by 𝑄𝜏(𝐼𝑛𝑜𝑣𝑖,𝑡|𝑋𝑖,𝑡) while the 

explanatory variables are included in the vector 𝑋𝑖,𝑡 which includes terrorism. The error term is 

denoted by 𝜐𝑖,𝑡.

3.1.4. Empirical Models of Mechanism Analysis

3.1.4.1. Channel 1: Domestic Investment

The mathematical model for domestic investment in channel one is given below:

𝐼𝑛𝑜𝑣𝑖,𝑡 = 𝛽1𝐼𝑛𝑜𝑣𝑖,𝑡−1 + 𝛽2𝐺𝐹𝐶𝐹𝑖,𝑡 + 𝛽3𝐹𝐷𝐼𝑖,𝑡 +  𝛽4𝐻𝑇𝑋𝑖,𝑡 + 𝛽5𝑇𝐶𝐺 + 𝛽6𝑅𝐺𝐷𝑃𝑖,𝑡 +

𝛽7𝑇𝑂𝑖,𝑡 + 𝛽8𝑆𝑇𝑃𝑖,𝑡 + 𝜎𝑖 + 𝑣𝑡 + 𝜀𝑖,𝑡 (4)

𝐺𝐹𝐶𝐹𝑖,𝑡 = 𝛽1𝐺𝐹𝐶𝐹𝑖,𝑡−1 + 𝛽2𝑇𝑇𝑅𝑖,𝑡 + 𝛽3𝑇𝑂𝑖,𝑡 +  𝛽4𝐸𝑅𝑖,𝑡 + 𝛽5𝐹𝐷 + 𝛽6𝐼𝑁𝐹𝑖,𝑡 + 𝜎𝑖 + 𝑣𝑡 + 𝜀𝑖,𝑡 (5)

The variable 𝐼𝑛𝑜𝑣𝑖,𝑡 represents the dependent variable and measures innovation activity, which is 

scaled by the total number of patents (for residents and non-residents) and the number of 

trademarks in Country i at time t. GFCF (gross fixed capital formation) is used as a proxy for 

domestic investment, while FDI (foreign direct investment) represents foreign investment. HTX 

(high technology export) and TCG (technical cooperation grants) are additional independent 

variables. RGDP (real GDP), TO (trade openness), and STP (number of scientific and technical 

papers) are also included as independent variables. TTR (terrorism) is the main variable of 

interest, while ER (exchange rate) and INF (inflation rate) are control variables. FD (financial 

development) is also included, and we use domestic private credit as a proxy for financial 

development. 𝜎𝑖𝜎𝑖 represents unobservable country-specific effects, 𝑣𝑡 represents the common 



time effect, and 𝜀𝑖,𝑡 is the error term. Variables used in Equations 4 and 5 are in line with the 

studies of Piscitello & Thakur-Wernz (2023), Siddique (2017), Persitz, (2007), and Mehmood & 

Mehmood (2016).

3.1.4.2. Channel 2 Foreign Direct Investment

Foreign direct investment (FDI) is a crucial means of technology diffusion from one country to 

another. Consequently, FDI promotes capital accumulation and innovation in the host country. 

Cheung and Lin (2004) argue that FDI is attractive to developing nations because it facilitates 

acquiring new technology, skilled personnel, and other forms of reverse engineering. 

Multinational corporations (MNCs) are responsible for transferring technology to the host 

country (Javorcik, 2004; Borensztein et al., 1998). However, research has shown that terrorism 

reduces FDI inflows, thus negatively affecting innovation activity. Terrorism increases risk, 

resulting in declining FDI inflows (Abadie et al., 2008). The mathematical model for domestic 

investment, which represents one channel through which terrorism affects innovation activity, is 

given below:

𝐼𝑛𝑜𝑣𝑖,𝑡 = 𝛽1𝐼𝑛𝑜𝑣𝑖,𝑡−1 + 𝛽2𝐹𝐷𝐼𝑖,𝑡 + 𝛽3𝑅𝐺𝐷𝑃𝑖,𝑡 +  𝛽4𝑇𝑂𝑖,𝑡 + 𝛽5𝑃𝑂𝑃 + 𝛽6𝑇𝐶𝐺𝑖,𝑡 +

𝛽7𝐹𝐷𝑖,𝑡 + 𝜎𝑖 + 𝑣𝑡 + 𝜀𝑖,𝑡 (6)

𝐹𝐷𝐼𝑖,𝑡 = 𝛽1𝐹𝐷𝐼𝑖,𝑡−1 + 𝛽2𝑇𝑇𝑅𝑖,𝑡 + 𝛽3𝐼𝑁𝐹𝑖,𝑡 +  𝛽4𝑅𝐺𝐷𝑃𝑖,𝑡 + 𝛽5𝐹𝐷 + 𝛽6𝐼𝑁𝐶𝑖,𝑡 + 𝛽7𝐸𝑅𝑖,𝑡 +

𝜎𝑖 + 𝑣𝑡 + 𝜀𝑖,𝑡 (7)

The dependent variable, 𝐼𝑛𝑜𝑣𝑖,𝑡, represents innovation and is measured by the total number of 

patents granted to residents and non-residents and the number of trademarks registered in 

country i at time t. FDI stands for foreign direct investment, RGDP is real GDP, TO is trade 

openness, POP represents the population, TCG is technical cooperation grant, TTR represents 

terrorism, ER is the exchange rate, INF is inflation, and INC is income. We used domestic 

private credit as a proxy for financial development (FD). Σi represents the unobservable country-

specific effects, while the common time effects are denoted by 𝑣𝑡. The error term is 𝜀𝑖,𝑡. These 

variables are matching with the studies of Cheung and Ping (2004), Chen et al. (2022), Farooq 

(2014), and Ukwueze et al. (2019).

3.1.4.3. Channel 3 Trade Openness

Trade openness is important in promoting innovation activity, as it increases competition and 

encourages firms to adopt innovative practices. However, terrorism can reduce trade openness by 

increasing risks and trade costs. Therefore, we believe that trade openness can be considered a 

channel through which terrorism affects innovation activity. The mathematical model for the 

impact of terrorism on trade openness can be represented as follows:

𝐼𝑛𝑜𝑣𝑖,𝑡 = 𝛽1𝐼𝑛𝑜𝑣𝑖,𝑡−1 + 𝛽2𝑇𝑂𝑖,𝑡 + 𝛽3𝑇𝐶𝐺𝑖,𝑡 +  𝛽4𝑅&𝐷𝑖,𝑡 + 𝛽5𝑃𝑂𝑃 + 𝛽6𝐼𝑁𝐷𝑈𝑆𝑇𝑖,𝑡 + 𝜎𝑖 + 𝑣𝑡 + 𝜀𝑖,𝑡 (8)

𝑇𝑂𝑖,𝑡 = 𝛽1𝑇𝑂𝑖,𝑡−1 + 𝛽2𝑇𝑇𝑅𝑖,𝑡 + 𝛽3𝐸𝑅𝑖,𝑡 +  𝛽4𝐼𝑁𝐹𝑖,𝑡 + 𝛽5𝐹𝐷 + 𝛽6𝐹𝐷𝐼𝑖,𝑡 + 𝛽7𝑃𝑂𝑃 + 𝜎𝑖 + 𝑣𝑡 + 𝜀𝑖,𝑡 (9)



in which 𝐼𝑛𝑜𝑣𝑖,𝑡 is the explained variable that represents innovation, which is scaled by the total 

patent counts of residents and non-residents and the number of trademarks in country i at time t. 

FDI refers to foreign direct investment, TO is trade openness, POP is population density, TCG 

represents technical cooperation grants, TTR represents terrorism, ER is the exchange rate, and 

INDUST is the share of the manufacturing industry. R&D refers to research and development 

expenditure, while INF is the inflation rate. 𝜎𝑖 represents unobservable country-specific effects, 

𝑣𝑡 represents the common time effect, and 𝜀𝑖,𝑡 is the error term. Variables used in Equations 8 

and 9 are similar to the studies of Wacziarg, (2002), Malik & Zaman (2013), Mirza & Verdier 

(2008), and Dotta & Munyo(2019).

3.2. Data and variables

For the empirical analysis in this study, we utilized annual data spanning from 1990 to 2022 for 

31 countries. We selected these countries based on data availability for innovation and terrorism 

variables. All the variables, except terrorism, were obtained from the World Bank Development 

Indicators (WDI). The data on terrorism was obtained from the Global Terrorism Database 

(GTD). The details of all variables are provided below:

3.2.1. Dependent variables 

In the field of innovation and technological advancement, patents and trademarks have been 

widely used as reliable indicators of national innovation, according to numerous studies by 

Griliches (1990), Jalles (2010), Hsu et al. (2014), Roper and Hewitt-Dundas (2015), Wang et al. 

(2019), and Wen et al. (2018). In this study, we also use patents and trademarks as our dependent 

variables in the core regression. Patents refer to the legal protection of an invention, where the 

applicant is granted sole ownership of the technology or invention for a specific period after 

inspection and approval by the state's regulatory body. Patent applications for intermediate 

outputs reflect technological innovation more accurately since they represent the embodiment of 

resource input and efficiency (Hsu et al., 2014; Jalles, 2010). Trademarks, conversely, are used 

to distinguish the goods or services of one company from another. They are more closely 

associated with commercialization than patents and cover a broader range of activities, including 

products and services (Nie and Su, 2022; Sabir et al., 2019; Tu et al., 2023; Vy, Luu and Wong, 

2023; Graham & Hancock, 2014). In service-intensive economies, trademarks are particularly 

important as they often contain significant advances that traditional R&D and patents cannot 

duplicate (Hai Yen et al., 2022; Jaiswal, Gupta, and Tiwari, 2022; Wang, et al., 2023; Wong, 

Thompson, and Teh, 2010, Millot, 2009). Hence, in our fundamental regression, we include data 

on patents and trademarks based on relevant literature.

3.2.2. Independent variable

In this study, terrorism was considered a key independent variable, and the data for terrorism was 

obtained from the Global Terrorism Database (GTD) established by LaFree & Dugan (2007). 

The GTD provides data on domestic and international terrorism and includes information on the 

frequency and severity of terrorist incidents, such as the number of deaths, injuries, and property 



damage. Various studies have used different proxies for terrorism; for example, Zakeria et al. 

(2019) used the number of deaths per year as a proxy for terrorism, Kumar et al. (2019) used the 

number of killed, injured, and property damage as a proxy, and Fareed et al. (2018) used the total 

number of terrorism incidents per year as a proxy. In this study, we used terrorism intensity, 

which measures the sum of deaths and injuries resulting from terrorist attacks per year, as a 

proxy for terrorism. 

3.2.3. Other control variables

In our main regression, we included several control variables, such as population, manufacturing 

industry share, trade openness, secondary education, high technology export, and technology 

cooperation grant. As for the channel variables, we used domestic and foreign direct investments 

(FDI), where gross fixed capital formation served as a proxy for domestic investment. In the 

channel regressions, we included additional control variables such as inflation, real GDP, 

financial development, income, exchange rate, number of scientific articles, and population 

density. We took the natural logarithm of all variables. The data for all the mentioned variables 

were obtained from the World Bank Development Indicators (WDI).

3.2.4. Descriptive statistics

Table 1 provides a data description of the variables used in the study. The results indicate that the 

average number of patents for all selected countries is 8.02, with a standard deviation of 1.98. 

The average for trademarks is 9.96, with an SD of 1.29. It suggests that, on average, trademark 

counts are higher than patent counts in our data, and the variability of trademark counts is lower 

than that of patents across our selected countries. Additionally, the mean of terrorism for our 

chosen countries is 4.20, with a standard deviation of 2.26. 

Table 1: Descriptive statistics

Variable Obs Mean Std. Dev. Min Max

Patents 821 8.023341 1.989512 3.332205 14.13875

Trademarks 791 9.961113 1.294277 6.568078 14.55955

Terrorism 750 4.202081 2.260756 0.000 9.879349

Population 868 17.76173 1.337499 15.07226 21.05257

Trade 

openness

862 -0.6396 0.555361 -6.60765 0.815096

Industry 795 2.766459 0.331397 1.979095 3.924657

Technical 

cooperation 

grant

607 18.62511 1.231828 9.903487 20.82816

High tech 

export

807 1.695421 1.554353 -6.62484 4.317416

Education 719 4.383879 0.309209 3.04015 4.839372

Domestic 

Investment

863 24.73305 1.778069 18.01318 29.27389



FDI 824 0.369195 1.281178 -7.52394 4.392628

Real GPD 868 8.822411 1.320725 6.018995 11.18103

Exchange rate 745 3.106582 2.783631 -5.94879 10.4111

Inflation 789 1.6258 1.222355 -4.79078 8.92021

Income 853 8.311778 1.427475 5.100866 10.84904

Financial 

development

767 3.726944 0.805914 1.19507 5.331128

Population 

density  

868 4.394739 1.11217 2.021771 7.112027

4. Empirical Results

4.1. Primary findings

The results of our basic regression are presented in Table 2, where we employed a simple OLS 

estimation. The findings indicate that terrorism significantly negatively impacts both patent 

counts and trademarks.

Table 2: Results of OLS estimator for the impact of terrorism on innovation activity

PATENT TRADE MARK

Variables Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Terrorism -.208***

(.030)

-.104***

(.025)

-.053**

(.024)

-.121***

(.019)

-.083***

(.017)

-.083***

(.022)

Population .965***

(.060)

.879***

(.047)

.929***

(.047)

.693***

(.033)

.660***

(.030)

.783***

(.033)

Industry .029

(.175)

-.344**

(.162)

-.027

(.169)

-.270**

(.111)

-.328***

(.111)

-.238*

(.123)

Trade 

openness

-.225**

(.103)

-.028

(.085)

-.126

(.077)

-.080

(.079)

High-tech 

export

.669***

(.032)

.395***

(.040)

.286***

(.025)

.096**

(.039)

Technical 

cooperation 

grant

-.180***

(.064)

-.176*

(.070)

Education 1.675***

(.191)

1.346***

(.194)

Constant -8.421***

(1.016)

-7.516***

(.834)

-13.129***

( 1.755)

-1.152*

(.656)

-1.125*

(.604)

-5.722***

( 2.02)

Observation 649 713 333 631 597 325

R2 0.34 0.62 0.69 0.40 0.53 0.58

Note: The regressions were estimated using the OLS estimator with data from 31 economies between 1990 and 2022. Parentheses 

report robust standard errors (RSE). Significance levels are denoted at 10% = *, 5% = **, and 1% = ***.

In Table 2, Models 1 to 3 represent the dependent variable as patents; however, the dependent 

variable is a trademark from models 4 to 6. As shown in Table 2, the empirical findings in Model 



1 show that terrorism significantly reduces the number of patents with a coefficient of -0.20 at a 

1% significance level. Similarly, models 2 and 3 show that terrorism significantly decreases 

patent counts with coefficients of -0.104 and -0.053 at 1% and 5% significance levels, 

respectively.

Furthermore, the empirical results in the baseline estimation state that terrorism significantly 

decreases trademarks on average. As shown in Table 1, Model 4, the coefficient result is -0.12 

and significant at 1%, indicating that terrorism significantly decreases trademark applications. 

Likewise, Models 5 and 6 in Table 2 show that terrorism substantially reduces the number of 

trademarks with coefficients of -0.083 and -0.083 at a 1% significance level, respectively. 

Overall baseline results indicate that terrorism significantly and negatively affects innovation 

activity.

4.2. Robustness analysis

The main findings suggest that terrorism hurts innovative performance. However, in our baseline 

regressions, reverse causality remains a significant concern. Hence, we perform several 

robustness checks to address potential endogeneity issues and confirm the consistency of our 

earlier findings.

4.2.1. Results of the GMM Model

Finding suitable instruments for our analysis was challenging, so we used the lag of the 

dependent variable as an instrument. The results in Table 3 show that terrorism significantly 

reduces the number of patents and trademarks. Model 1 shows a coefficient of -0.019 at a 10% 

significance level, indicating that an increase in terrorism leads to a decrease in patent counts. 

Similarly, Models 2 and 3 suggest that terrorism significantly decreases patent counts with 

coefficients of -0.018 and -0.030 at a 10% significance level, respectively. The empirical results 

in Model 4 indicate that terrorism significantly reduces the number of trademarks with a 

coefficient of -0.042 at a 10% significance level. However, the results of Models 5 and 6 suggest 

that terrorism has a negative but insignificant impact on trademarks, with coefficients of -0.024 

and -0.031, respectively. Overall, the GMM estimation results indicate that terrorism 

significantly reduces innovation activity, with terrorism having a greater impact on patent counts 

than on trademark applications.

Table 3: GMM estimation for the impact of terrorism on innovation

Patent Trademark

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Lagged 

dependent 

variable

.962***

(.018)

.919***

(.039)

.924***

( .101)

.685***

(.230)

.605**

(.231)

.833***

(.204)

Terrorism -.019*

(.010)

-.018*

(.010)

-.030*

( .015

-.042*

( .023)

-.024

(.029)

-.031

(.068)



Population .019

(.034)

.015

(.040)

.009

(.066)

.449*

(.233)

.445*

(.227)

.125

(.105)

Industry .032

(.181)

.127

(.232)

-.348

(.439)

-1.68*

(.881)

-1.446*

(.792)

.275

(.693)

Trade openness -.053*

(.027)

-.055*

(.029)

.010

(.072)

-.056*

(.031)

High-tech 

export

.064

(.052)

-.014

(.130)

.082

(.149)

.201

(.134)

Technical 

cooperation 

grant

.063

(.049)

-.078

(.048)

Education .095

(.258)

-.027

(.487)

AR2(p-value) 0.875 0.223 0.075 0.222 0.378 0.626

Hansen J-test p-

value

0.710 0.550 0.928 0.863 0.880 0.395

Diff. – in –

Hansen p-value

0.762 0.669 0.123 0.839 0.673 0.393

No. of obs, no. 

of countries

613, 31 581,31 314,23 594, 31 565, 31 305, 22

The regressions were estimated using the GMM estimator based on data from 31 economies between 1990 and 2022. The AR(2) 

statistic was used to test for serial correlation in the first difference equations. The Hansen J-test of over-identification was used 

to check if the instruments were not over-identified. Additionally, we included differences-in-Hansen tests to verify the 

homogeneity of the instruments, with the null hypothesis being that the instruments are exogenous. The standard errors (RSE) are 

reported in parentheses. Significance levels are denoted at 10% = *, 5% = **, and 1% = ***.

First, Figures A.1 and A.2 show the cumulative distribution function of innovation variables, 

measured by patents and trademarks, respectively. These figures demonstrate a high degree of 

skewness. Second, Figure A illustrates how the coefficients vary with quantiles for the baseline 

model. The effect of terrorism on patents is inverse at lower and middle quantile levels and 

slightly decreases with higher quantiles. Additionally, the other variables have expected signs on 

average.

4.2.2. Results of Panel Quantile Regression

Table 4 shows the outcomes of panel quantile regression. According to the empirical results, 

terrorism significantly decreases patents, as provided in panel A. The results of panel A show 

that coefficients have a negative symbol and are significant at 10% in Q (10), with a coefficient 

of -0.059, and at Q (25) with a coefficient of -0.060, with a significance level of 10%. Results in 

Q (50) are -0.090 for the coefficient at a significance level of 1%, and Q (75) is -0.059 at a 

significance level of 1%. However, the result of Q (90) is not significant. Overall, we conclude 

that the results of panel A indicate that terrorism significantly reduces the number of patents.

Similarly, the results in Panel B in Table 4 indicate that terrorism significantly reduces 

trademarks. Empirical outcomes suggest that the coefficient (-0.10) with a negative mark is 

significant at 1% in Q (10). Moreover, results in Q (25) show a coefficient of -0.099 at a 



significance level of 5%. The coefficient results in Q (50), Q (75), and Q (90) are -0.070, -0.093, 

and -0.140, respectively, and significant at 1%. Overall, the results of panel quantile regression 

confirm that terrorism significantly reduces innovation activity. 

Table 4: Panel quantile regression to estimate the impact of terrorism on innovation

Variable Q (0.10) Q (0.25) Q (0.50) Q (0.75) Q (0.90)

Panel A: 

Patent

Model 1 Model 2 Model 3 Model 4 Model 5

Terrorism -.0595*(.032) -.060*(.031) -.090***( .033) -.059***(.020) .012(.071)

Population 1.053***(.066) .962***(.064) .977***(.068) .919***(.919) .709***(.147)

Industry .213(.232) -.302(.223) -.273(.235) -.153(.144) -.506(.510)

Trade 

openness

-.268*(.140) -.204(.135) .234(.142) -.009(.087) .510(.308)

High-tech 

export

.321***(.049) .421***(.048) .426***(.050) .390***(.031) .438***(.109)

Technical 

cooperation 

grant

.036(.087) -.067(.084) -.155*(.088) -.271***(.054) -.131(.192)

Education 2.668***(.233) 2.131***(.224) 1.404***(.236) 1.221***(.145) 1.379***(.512)

Obser., 

Countries

333,31 333,31 333, 31 333,31 333,31

Pseudo/ R –

square

0.47 0.46 0.45 0.48 0.47

Panel B: 

Trademark

Model 1 Model 2 Model 3 Model 4 Model 5

Terrorism -.100***(.020) -.099**(.041) -.070***(.015) -.093***( .025) -.140***(.037)

Obser., 

Countries

325,31 325,31 325,31 325,31 325,31

Pseudo R –

square

0.43 0.40 0.44 0.42 0.40

Note: The control variables in Panel B are not published but can be made available upon request. Parentheses report RSE. 

Significance levels are denoted at 10% = *, 5% = **, and 1% = ***

4.3. Results of Mechanism Analysis

As previously mentioned, we have identified three potential channels through which terrorism 

can affect innovation activity: domestic investment FDI and trade openness. In this section, we 

provide the empirical results of mechanisms.

4.3.1. Empirical Results of Domestic Investment Channel 

Theoretical literature has confirmed that domestic investment promotes innovation activity. 

However, terrorism has been found to reduce domestic investment. Therefore, we have identified 

domestic investment as one of the channels through which terrorism can affect innovation 

activity.

To estimate Equations 3 and 4, we used the system generalized method of moments (GMM).



The empirical results presented in Table 5 indicate that domestic investment significantly 

impacts innovation activity. Specifically, Models 1 and 2 show that domestic investment 

significantly increases the number of patents, with coefficients of 0.032 and 0.068 at 1% and 5% 

significance levels, respectively. However, the results of Model 3 suggest that domestic 

investment has a positive impact of 0.036 on the number of patent applications, but this impact is 

not statistically significant.

Table 5: GMM estimation for the impact of domestic investment on innovation

Patent Trademark

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Lagged 

dependent 

variable

.908***

(.030)

.886***

(.036)

.996***

(.085)

.588**

(.216)

.867***

(.119)

.763***

(.101)

Investment .032***

(.010)

.068**

(.030)

.036

(.166)

.167*

(.089)

.078

(.079)

.142**

(.051)

FDI .019

(.019)

.037

(.029)

.021

(.050)

.053*

(.028)

.153**

( .060)

.016

(.034)

High-tech 

export

-.002

(.034)

.031

(.030)

.029

(.047)

-.021

(.053)

.066

(.056)

.019

(.022)

Technical 

cooperation 

grant

.013

(.013)

.033

(.102)

-.036*

( .018)

-.023

(.041)

Real GDP -.126

(.082)

-.101

(.209)

-.008

(.122)

-.111

(.081)

Trade 

openness

.217

(.199)

.307**

(.137)

Scientific 

articles

-.066

(.099)

.054

(.072)

AR2(p-value) 0.059 0.091 0.135 0.776 0.390 0.715

Hansen J-test 

p-value

0.306 0.468 0.684 0.120 0.300 0.905

Diff. – in –

Hansen p-

value

0.901 0.576 0.848 0.577 0.143 0.495

Obs,  

countries

692,31 479,23 250,23 680,31 459,23 252,22

The regressions were estimated using the GMM (Generalized Method of Moments) estimator with data from 31 economies 

between 1990 and 2022. The p-values for serial correlation in the first difference equations are reported as AR(2). The Hansen J-

test of over-identification indicates that the instruments are not over-identified. Differences-in-Hansen tests were also conducted 

to check the exogeneity of the instruments, with the null hypothesis being that the instruments are exogenous. The reported RSE 

(Residual Standard Error) values are enclosed in parentheses. Significance levels are denoted at 10% = *, 5% = **, and 1% = ***.

Furthermore, Models 4 and 6 demonstrate that domestic investment significantly increases the 

number of trademark applications, with coefficients of 0.167 and 0.142 at 10% and 5% 

significance levels, respectively. In contrast, the results of Model 5 suggest that domestic 

investment has a positive impact of 0.078 on trademark applications, but this impact is not 



statistically significant. Overall, domestic investment plays a significant role in enhancing 

innovation activity.

Table 6: GMM estimation for the impact of terrorism on domestic investment

Variable Model 1 Model 2 Model 3

Lagged dependent 

variable

.013***(.008) .050***(.016 .038***( .016)

Terrorism -.017*( .009) -.023**(.009) -.018**(.008)

Trade openness .002(.021) -.045*(.024) -.051**( .022)

Exchange rate -.060(.056) -.025(.057) .038(.030)

Financial development -.280***( .085) -.261**( .093)

Inflation -.004(.026)

AR2(p-value) 0.121 0.312 0.060

Hansen J-test p-value 0.056 0.052 0.079

Diff. – in – Hansen p-

value

0.364 0.535 0.228

Obs, countries 620,31 557,25 515,24

Note: The regressions were estimated using the GMM estimator with data from 31 economies between 1990 and 2022. The p-

values for serial correlation in the first difference equations are reported as AR(2). The Hansen J-test of over-identification 

indicates that the instruments are not over-identified. Differences-in-Hansen tests were included to check the exogeneity of the 

instruments with the null hypothesis that the instruments are exogenous. Parentheses report RSE (Residual Standard Error). 

Significance levels are denoted as 10% = *, 5% = **, and 1% = ***.

The empirical results presented in Table 6 confirm that terrorism hurts domestic investment. The 

coefficient results from Models 1 to 3 are -0.017, -0.023, and -0.018, with a significance level of 

10%, 5%, and 5%, respectively. These findings prove that terrorism significantly decreases 

domestic investment as investors seek a peaceful environment to mitigate risks. Due to the 

increase in terrorism incidents, investors tend to fly their capital to other countries, reducing 

domestic investment. It is unfortunate, as domestic investment fosters innovation. However, due 

to the rise in terrorism incidents, governments usually divert public funds to security-related 

matters, leaving private investors with a less pleasant investment environment (Eckstein & 

Tsiddon, 2004; Persitz, 2007; Llussa' & Tavares, 2011). Therefore, we consider domestic 

investment as a channel through which terrorism affects innovation activity.

4.3.2. Empirical Results of Foreign Direct Investment Channel

Equations 6 and 7 were estimated using system generalized methods of moments (GMM).

Table 7 displays the results of the impact of FDI on innovation, which indicate that FDI has a 

positive and significant effect on innovation. The three models with dependent variable patents 

(Models 1-3) show that an increase in FDI leads to a significant increase in the number of patents. 

The coefficient estimates for Models 1, 2, and 3 are 0.064, 0.053, and 0.054, respectively, with 

1%, 10%, and 5% significance levels. These results suggest that FDI promotes innovation by 

increasing the number of patents.

Similarly, the results of Models 4-6 indicate that FDI significantly positively affects the number 

of trademarks. The coefficient estimates for Models 4, 5, and 6 are 0.077, 0.116, and 0.087, 



respectively, with a significance level of 5%. Thus, the empirical results support the assumption 

that FDI enhances innovation activity by increasing the number of trademarks.

Table 7: GMM estimation for the Impact of FDI on innovation

Patent Trademark

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Lagged 

dependent 

variable

.989***

(.051)

.953***

(.039)

.907***

(.046)

.973***

(.059)

.830***

(.073)

.752***

( .074)

FDI .064***

(.019

.053*

(.027)

.054**

(.026)

.077**

(.036)

.116**

(.047)

.087**

(.033)

Real GDP .010

(.049)

-.082

(.053)

-.043

(.047)

.026

(.064)

.021

(.057)

.031

(.071)

Trade 

openness

.001

(.018)

-.029

(.036)

-.018

(.032)

-.005

(.012)

-.003

(.021)

.003

(.028)

Population .041*

(.021)

.003

(.033)

.130***

(.037

.095**

(.038)

Technical 

cooperation 

grant

.015

(.009)

.024*

(.012)

-.046**

(.017)

-.032*

(.018)

Financial 

development

.159

(.120)

.307**

(.113)

AR2(p-

value)

0.310 0.418 0.420 0.437 0.381 0.785

Hansen J-test 

p-value

0.079 0.079 0.297 0.259 0.290 0.141

Diff. – in –

Hansen p-

value

0.064 0.065 0.357 0.171 0.624 0.383

Obs, 

countries

727,31 503,23 489,22 709,31 486,23 475,22

The regressions were estimated using a GMM (Generalized Method of Moments) estimator, with data from 31 economies from 

1990 to 2022. The p-values for serial correlation in the first difference equations are reported as AR(2). The Hansen J-test of 

over-identification indicates that the instruments are not over-identified. Differences-in-Hansen tests were also conducted to 

check the exogeneity of the instruments, with the null hypothesis being that the instruments are exogenous. The reported RSE 

(Residual Standard Error) values are enclosed in parentheses. The significance levels are 10% =*, 5% =**, and 1% = ***.

Table 8: GMM estimation for the impact of terrorism on FDI

Variable Model 1 Model 2 Model 3

Lagged dependent 

variable

.380***

(.114)

.337***

(.108)

.404***

(.118)

Terrorism -.059*

(.034)

-.055*

(.030)

-.057*

(.029)

Inflation -.044

(.080

.002

(.073)

-.018

(.056)

Real GDP -.307

(.192)

-.984**

(.383)

-.696*

(.366)

Financial development .857*

( .440)

.715

(.448)

.287

(.340)

Income .775*

(.433)

.695

(.493)

Exchange rate -.036

(.140)



AR2(p-value) 0.826 0.887 0.155

Hansen J-test p-value 0.445 0.632 0.504

Diff. – in – Hansen p-

value

0.756 0.785 0.681

Obser, countries 727, 31 503,23 489,22

The regressions in the analysis were estimated using a GMM estimator with data from 31 economies between 1990 and 2022. 

The p-values for serial correlation in the first difference equations were reported as AR (2). The Hansen J-test of over-

identification was conducted to confirm that the instruments used in the analysis were not over-identified. Differences-in-Hansen 

tests were also included to check the exogeneity of the instruments, with the null hypothesis that the instruments are exogenous. 

The results were reported with standard errors in parentheses, and the significance level was denoted by *, **, and *** for 10%, 

5%, and 1% levels of significance, respectively.

Table 8 presents the results of the impact of terrorism on FDI. The coefficients from Models 1 to 

3 are -0.059, -0.055, and -0.057, respectively, and significant at the 10% level. These results 

indicate that terrorism has a significant negative effect on FDI inflows. It can be attributed to the 

increased risk and uncertainty caused by terrorist attacks, discouraging foreign investors from 

investing in the country. Additionally, terrorism raises the overall cost of doing business by 

increasing insurance and security costs. These empirical findings are consistent with the results 

of Enders and Sandler (1996) that terrorism reduces net FDI inflows. Therefore, we can conclude 

that FDI is a channel through which terrorism affects innovation activity.

4.3.3. Empirical results of trade openness channel

To estimate Equations 8 and 9, we employed the system generalized method of moments 

(GMM).

The empirical results presented in Table 9 indicate that trade openness positively and 

significantly impacts innovation activity. Specifically, results from Models 1 to 3 in Table 9 

show that trade openness has a positive but insignificant effect on patents, with coefficient values 

of 0.087, 0.0004, and 0.013, respectively. In addition, the results from Model 1 show that trade 

openness positively impacts trademarks, with a coefficient value of 0.034, significant at the 5% 

level. Similarly, according to results from Model 5 in Table 9, trade openness increases 

trademarks, with a coefficient value of 0.037 and significant at the 1% level. Furthermore, results 

from Model 6 in Table 9 indicate that trade openness increases the number of trademarks, with a 

coefficient value of 0.029 and significant at the 10% level. Overall, the results suggest that trade 

openness increases innovation activity but has a greater effect on trademarks than patents.

The results from Models 1 to 3 in Table 10 suggest that terrorism reduces trade openness, with 

coefficients of -0.114, -0.124, and -0.071, respectively, and significance at the 10% level. 

Terrorist attacks create uncertainty and increase security costs and insurance premiums (Brück, 

2006; Keefer & Loayza, 2008), which in turn leads to an increase in trade costs and ultimately 

reduces the volume of trade between countries.



Table 9: GMM estimation for the impact of trade openness on innovation activity

Patent Trade mark

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6

Lagged 

dependent

.985***

( .048)

.929***

(.035)

.844***

( .085)

1.059***

(.023)

1.044***

( .040)

1.035***

( .073)

Trade openness .087

(.322)

.0004

(.033)

.013

(.035)

.034**

(.012)

.037***

(.012)

.029*

(.015)

Technical 

cooperation 

grant

.006

(.020)

.034*

(.018)

.009

(.032)

-.026*

(.013)

-.027*

( .013)

-.022

(.019)

R&D 

Expenditure

-.127

(.124)

.098*

(.054)

.214

(.140)

.025

(.051)

-.006

(.041)

-.032

(.082)

Population 

density

.024

(.111)

.047

(.200)

.033

(.068)

.045

(.074)

Share of 

manufacturing 

Industry

.411

(.438)

-.031

(.228)

AR2(p-value) 0.192 0.213 0.237 0.748 0.752 0.927

Hansen J-test p-

value

0.393 0.506 0.308 0.785 0.958 0.833

Diff. – in –

Hansen p-value

0.288 0.440 0.506 0.300 0.693 0.667

No. of obs, no. 

of countries

264, 22 264, 22 250, 22 260, 21 260, 21 246, 21

The regressions were estimated using the Generalized Method of Moments (GMM) estimator with data from 31 economies from 

1990 to 2022. The p-values for serial correlation in the first difference equations were reported as AR (2). The Hansen J-test of 

over-identification indicates that the instruments are not over-identified. Differences-in-Hansen tests were conducted to check the 

exogeneity of the instruments, with the null hypothesis being that the instruments are exogenous. The standard errors are reported 

in parentheses. The significance levels are as follows: 10%=, 5%=, and 1%=.

Table 10: GMM estimation for the impact of terrorism on trade openness

Variable Model 1 Model2 Model3

Lag dependent variable .257**

( .111)

.244

(.181)

.862***

( .251)

Terrorism -.114*

( .056)

-.124*

( .064)

-.071*

( .041)

Exchange rate -.049

(.052)

-.053

(.075)

.169

(.117)

Inflation .009

(.069)

.038

(.034)

.054

(.121)

FDI -.128

(.088)

-.086

(.073)

Population density -.104

(.109)

AR2(p-value) 0.140 0.125 0.150

Hansen J-test p-value 0.182 0.645 0.187

Diff. – in – Hansen p-

value

0.889 0.987 0.261

No. of obs, no. of 

countries

578,30 558,30 558,30

The regressions were estimated using the Generalized Method of Moments (GMM) estimator with data from 31 economies from 

1990 to 2022. The p-values for serial correlation in the first difference equations are reported as AR (2). The Hansen J-test of 

over-identification indicates that the instruments are not over-identified. Differences-in-Hansen tests were conducted to check the 

exogeneity of the instruments, with the null hypothesis being that the instruments are exogenous. The standard errors are reported 

in parentheses. The significance levels are as follows: 10%=, 5%=, and 1%=.



4.4. Empirical results of further robustness tests

The results of additional robustness tests show that terrorism significantly negatively impacts 

innovation activity. After removing outliers from patent counts data, the coefficients for patents 

and trademarks are significant at a 10% level. Similarly, after removing outliers of trademarks, 

the results indicate a significant decrease in innovation activity due to terrorism. These findings 

suggest that the effect of terrorism is more pronounced on patents than trademarks. Table 11 

provides a detailed overview of these results. 

Table 11: Additional robustness checks to estimate the impact of terrorism on innovation activity

Variable Patent Trademark

Panel A: Adding additional 

controls

Lagged dependent variable .977***(.125) .669***(.113)

Terrorism -.029*(.016) .113(.047)

Panel B: Removing outlier base 

patent

Lagged dependent variable .863***( .082) .816***( .138)

Terrorism -.027*( .014) -.065*( .036)

Panel C: Removing outlier base 

Trademark

Lagged dependent variable .887***(.044) .710***(.192)

Terrorism -.018*(.010) .013(.044)

Panel D: Removing outlier base 

terrorism

Lagged dependent variable .898***( .062) .814***( .194)

Terrorism -.032**(.013) -.027(.036)
The regressions in Table 11 use a GMM estimator to analyze the impact of terrorism on innovation in four different panels (A to 

D), with data from 31 economies between 1990 and 2022. In panel A, patents are the dependent variable in column (1), while 

trademarks are the dependent variable in column (2). The p-values for serial correlation in the first difference equations are 

reported as AR (2). The Hansen J-test of over-identification indicates that the instruments are not over-identified. Differences-in-

Hansen tests are included to check the exogeneity of instruments, with the null hypothesis that the instruments are exogenous. 

Country controls, observations, endogeneity tests, constants, and control variables are not published but are available on demand. 

The coefficients are reported in parentheses, and RSE is reported as a standard error measure. The significance level at 10%, 5%, 

and 1% are denoted as *, **, and ***, respectively.

5. Concluding remarks and policy implications

Using a panel dataset on terrorism and innovation for 31 economies from 1990-2022, and after 

filtering and deleting lost observations, this study utilized unbalanced panel data to explore the 

influence of terrorism on innovation activity. Initially, we employed simple OLS for baseline 

results. Then, the system generalized method of moment (GMM) approach and panel quantile 

approaches were used for robustness checks and to handle endogeneity issues. The baseline 

empirical results of estimation indicate that terrorism significantly reduces innovation activity. 

Furthermore, the results of the generalized method of moment (GMM) approach and panel 

quantile approach also support our baseline results. Increasing terrorism incidents reduce both 

the number of patents and trademarks. 



This study aims to identify the channels through which terrorism affects innovation activity, 

specifically domestic investment, foreign direct investment (FDI), and trade openness. We 

systematically analyzed the effects of terrorism on these channel variables and their impact on 

innovation activity using the system GMM approach. The empirical results reveal that the first 

channel variable, domestic investment, significantly increases patents and trademarks. However, 

the findings on the effects of terrorism on domestic investment suggest that terrorism 

significantly reduces domestic investment. These results are consistent with the studies 

conducted by Eckstein & Tsiddon (2004) and Persitz (2007).

In addition, terrorism also disrupts physical capital and reduces trade due to higher risk and 

lower profits on investment, as Abadie & Gardeazabal (2008) noted. Terrorist attacks create 

uncertainty and increase insecurity for investors, leading to economic distortions and 

inefficiencies, as found by Brück (2006) and Tufail (2010). Moreover, the empirical results of 

the second channel variable, FDI, indicate that FDI significantly increases both patent and 

trademark applications. These results align with the findings of Zhang (2014), where 

multinational corporations invest more money in research and development, generating cutting-

edge concepts, new production and processing techniques, and boosting innovation and 

technological advancement in the host country. Furthermore, FDI inflows facilitate technology 

transfer between countries, which fosters innovation in the domestic country. 

The empirical findings on the influence of terrorism on FDI indicate that terrorism significantly 

reduces FDI inflows. This result is consistent with the conclusions of Abadie et al. (2008), who 

found that terrorism increases risk, leading to a decline in FDI. Moreover, violence affects FDI 

inflows, but the impact differs in developing and developed countries (Blomberg & Mody, 2005). 

Terrorism incidents increase the cost of security, insurance, and doing business and create 

uncertainty, which affects overall FDI inflows in the domestic country (Shahzad et al., 2016).

Moreover, it is argued that trade openness is the primary driver of innovation activity due to 

increased competition, which compels businesses to adopt the latest ideas and technologies to 

keep up with market norms. Developing economies benefit from technology transfer through 

openness and the acquisition of a broad knowledge base, which increases their internal output. 

International trade plays a crucial role in accelerating this activity by serving as the primary 

conduit for transmitting new technologies and establishing the integration of foreign know-how 

into domestic manufacturing processes. These efforts can help improve the quality of the 

market's supply chain, creating cutting-edge products and services and increasing competition in 

the current business climate (Wacziarg, 2002).

Furthermore, terrorism impacts various macroeconomic variables, including trade openness. 

Trade flow between countries requires a risk-free environment and a secure goods and services 

supply chain. Terrorist attacks create uncertainty (Brück, 2006), which leads to higher security 

costs and insurance premiums (Keefer & Loayza, 2008). Additionally, the results of additional 

robustness checks, such as removing outliers from dependent and independent variables and 

adding extra variables to the primary regression, support our baseline findings that terrorism 

significantly reduces innovation activities. 



Policymakers can implement the following policy measures based on the fundamental results and 

assumed mechanisms. They should closely monitor the security and stability of sovereign 

nations to create a safe and peaceful investment atmosphere for both domestic and foreign 

investors. It will ensure sustainable domestic investment and FDI. Similarly, trade openness can 

be expanded in countries free from conflicts and terrorism in their social, political, and economic 

environments. It can increase capital accumulation, technology transfer opportunities, skilled 

labor, and specialized managerial practices, stimulating overall innovation activity.
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Appendix

Figure A: Estimates across quantiles (baseline).



Figure A.1: Quintile of patents applications



Figure A.2: Quintile of trademark applications



Table A. List of countries

Country Country

Algeria Kenya

Bangladesh Mexico

Chile Pakistan

China Peru

Colombia Philippines

Ecuador Russian Federation

Egypt, Arab Rep. Saudi Arabia

France Spain

Georgia Sri Lanka

Germany Thailand

Greece Turkey

India United Kingdom

Indonesia United States

Iran, Islamic Rep. Venezuela

Ireland

Israel

Italy


