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I. Introduction 

 

The increase in the frequency and severity of natural disasters worldwide since 

1970s has significantly influenced economic development (Leiserowitz et al., 2012; 

IPCC, 2012) as shown in the Fig.1, and therefore has brought considerable effects on 

financial institutions and markets (Klomp, 2015). Attention on how and to what extent 

financial markets are sensitive to climate risk of natural disasters in both short and 

long run, however, is only recent.  

                          Figure 1  

The financial consequences of climate risk of natural disasters have scattered 

around sovereign debt (Klomp, 2015), credit supply of commercial banks (Noy, 2009; 

David, 2011; Berg and Schrader, 2012; Klomp, 2014; Brei et al, 2019), international 

financial flows (Yang, 2008), oil markets (Riza et al, 2018), stock markets (Barton, 
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2005; Worthington, and Valadkhani, 2008; Bourdeau-Brien and Kryzanowski, 2017; 

Lanfear et al, 2018; Hong et al, 2019), properties (Bernstein et al, 2019; Rehse et al, 

2019) and corporate cash holding (Dessaint and Matray, 2017), etc. For instance, 

Klomp (2014) considers the impact of different natural disasters on the stability of 

financial structure and the default risk of commercial banks. He finds that natural 

disasters increase the likelihood of a banks’ default. Riza et al. (2018) study the 

impact of disasters on the oil market and the predictive ability of disasters to market 

changes. Brei et al. (2019) explore the impact of natural disasters on bank credit, and 

document a decline in bank credit capacity following storms and hurricanes in the 

Eastern Caribbean. By tracing up 31 countries’ long-term trend toward droughts, 

Hong et al (2019) investigate how the prices of food stocks discount climate risk and 

therefore evaluate the relationship between climate risk and market efficiency.  

The existing studies have explored these financial consequences from an 

empirical perspective focusing on a single country or specific types of natural 

disasters, and the empirical results are mixed. For example, Barton (2005) finds that 

market participants in US equity markets reacted positively in the aftermath of several 

major hurricanes attacks. Ferreira and Karali (2015) use seismic and international 

financial market data to study and draw similar conclusions. Worthington and 

Valadkhani (2008) suggest that natural disasters have no significant impact on the 

returns in the Australian equity market. Bourdeau-Brien and Kryzanowski (2017) 

point out that the impact of natural disasters on financial markets is regional, and only 

the stock prices of enterprises in disaster areas will be affected. Lanfear et al (2018) 

find that disasters experience a negative impact on stock returns using data of US 

hurricanes over the period of 1990 to 2017. And the more recently, Hong et al (2019) 

suggest that food stock prices in 31 sample countries are underreacting to climate 

change risks. 

Overall, these studies reflect on the relationship between fragility of financial 

markets and the occurrence of natural disasters. Shocks induced by disasters can 

increase the short-term price volatility by bringing uncertainty into the market. And 

capital market will quickly incorporate the financial consequences of extreme events 

(Brounrn and Derwall, 2010). Existing studies heavily rely on historical market data 

sets or observation to reveal immediate market response to environmental physical 

risks. Consequently, historical and realized volatility have become primary focuses of 

analysis. In this paper, we wish to propose a forward-looking perspective into the 
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research about the impacts of natural disasters on market volatility. The main reasons 

are twofold.  

First, while financial implication of climate risk could be very immediate and 

disruptive, it is well recognised that environmental factors may be much longer-term 

(Romilly, 2007; G20 Green Finance Study Group, 2017).Therefore, in sustainable 

finance field, a forward-looking perspective has been called in academia and policy 

zone (such as G20 Green Finance Study Group, 2017; NGFS，2019). It has been 

suggested that in a forward-looking risk assessment, both near-term and longer-term 

time horizons shall be applied assessing future risk trajectories. A forward-looking 

assessment of risks can also lead to the identification of opportunities, and 

improvement of awareness for potential longer-term risks associated with climate and 

environmental change in the mainstream of the global financial sector (G20 Green 

Finance Study Group, 2017). It is in this context, we propose that Market Volatility 

Index (VIX), could provide us a valuable point to look into the relationship between 

future expected volatility and natural disasters.  

VIX, known as implied volatility and the Investor Fear Gauge, is a timely 

reflection of expected future market volatility over the next 30 calendar days (Whaley, 

2009), therefore is claimed to predict future market trends. The CBOE (Chicago 

Board Options Exchange) has calculated and updated the values of VIX since 1993. 

More than 25 volatility indexes at CBOE are designed to measure the expected 

volatility of different securities. As conveyed by listed option prices and market 

determined, VIX contains both informational and sentiment components.  

Attention on VIX is only very recent. Some argue that VIX contains more 

information which provides an unbiased and efficient forecast of future volatility, and 

its predict ability will improve over time (Blair et al., 2001; Jiang and Tian, 2005). 

And it has also been suggested that VIX is informationally superior to model-based 

forecast volatility, e.g. historical data based daily squared returns or realized volatility 

(Becker et al., 2009). And Qadan (2018) uses differential risk premium to explore the 

relationship between VIX and investor sentiment, which proves that VIX contains 

more investor sentiment information, which enable it to reflect future jumping 

volatility better than many econometric model-based forecasts. While forecast of asset 

price volatility is essential important for market investors to make hedging and 

investment decisions, whether the analysis of VIX change associated with the 

occurrence of various natural disasters could help assess the resilience of market to 
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climate risk and manage climate-based risk and bring us new information as 

compared with traditionally historical models is a question we aim to ask and explore 

in this paper. 

Second，the existing literature on VIX has focused on three primary issues: (1) 

Characteristics of VIX, including term structure (Huskaj and Nossman, 2013) and 

VIX derivatives pricing (Lin and Chang, 2009; Park Y H, 2016; Chen and Tsai, 2017); 

(2) Functions of VIX. Those scholars in this field study the volatility forecasting 

ability (Frijns et al., 2010; Tanha and Dempsey, 2016), risk-hedging ability of VIX 

(Siu and Wing, 2018) and the relationship between VIX and securities returns (Liu et 

al, 2013; Lee and Ryu, 2013; Shaikh and Padhi, 2013; Basta and Molnar, 2018). (3) 

The impact of macroeconomic factors on VIX, such as macroeconomic 

announcements (Kearney and Lombra ,2004), monetary policy announcements (Chen 

and Clements ,2007;   h  aa and  i  , 2011), and Federal funds rate (Gospodinov 

and Jamali, 2012). Studies on the impact of natural disasters on VIX are still 

under-explored.  

Therefore, in this paper, we use VIX as a way to bring a forward-looking 

perspective into research on financial implication of climate risk. In the meanwhile, 

we are concerned with both long and short effect of natural disasters on financial 

market volatility. Furthermore, the paper focuses on differentiated impacts across 

countries, exploring geographical and institutional dimensions of impacts.   

To address these concerns, we collect 1240 natural disasters and VIX data from 

13 countries, and use an ARMA-GARCH model and a GARCH-MIDAS model. The 

results show that, first, the occurrence of natural disasters will lead to the rise of VIX, 

that is, to change investors’ expectations of future volatility and increase uncertainty 

in financial markets. More specifically, it is most significant for geophysical and 

meteorological disasters. Second, our cross-sectional analyses indicate that the 

response of VIX to natural disasters is affected by vulnerability of the country to 

natural disasters and the level of financial market development. The results 

demonstrate that expected market volatility is more likely impacted by disasters 

shocks in countries with higher level of financial markets measured by private credit 

and insurance penetration and countries with lower exposure to natural disasters. 

Third, the impact of natural disasters on VIX shows a short-term effect, but does not 

have long-term implications, ie. will not change its long-term fluctuation trend. 
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Our paper is the first in the literature to look into the relationship between natural 

disaster and market-determined expected volatility (as proxy by VIX) and also cast a 

unique cross-country perspective. We aim to, first, contribute to the empirical debate 

on the role of financial markets in pricing climate risks and the resilience of financial 

system to climate risks. Second, our paper contributes to a better understanding of 

cross-country variation through our analyses of the sensitivity of each country's 

market to natural disasters. In addition, we contribute to the literature on risk 

management, particularly climate risk management among multinational capital 

investors and financial regulators.  

The paper proceeds as follows. In Section 2, we provide the literature review and 

develop the hypotheses. We describe the research methodology and data sources in 

Section 3 and 4. In Section 5 and 6, we present the results and discussions. We 

conclude in Section 7. 

 

2. Literature Review and Hypotheses Development 

2.1. VIX and Natural Disasters  

The transmission channels and consequences of climate change to financial 

institutions and markets have been well defined in the recent NGFS (2019) report, 

centering around business risk, credit risk, underwriting risk, market risk and legal 

risk. More specifically, there are various channels through which natural disasters 

may affect VIX. First, the economic damage of natural disasters leads to changes in 

expectations and risk aversion behavior of investors. Natural disasters have a 

statistically observable adverse impact on the macro-economy in the short-run and 

costlier events lead to more pronounced slowdowns in production (Noy, 2009). 

Enterprises in disaster-stricken areas will inevitably be hit. Enterprises in non-disaster 

areas would also be affected through the associated effects (Dessaint and Matray, 

2017), which may result in the inability to complete the contract, recover the cash, 

and the overdue receivables. Therefore, either the expected future cash flow or risk 

premium applied to future cash flows could be adjusted impacting the valuation of an 

equity security and causing eventually market expected volatility to rise. 

Meanwhile, it takes time to obtain accurate information about the extent of the 

damage, losses, and business interruptions. Further, some disasters such as floods, 
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droughts, and even wildfires may be long-lived causing longer-term uncertainty which 

will also be captured by the VIX. 

Second, as VIX contains both informational and sentiment components, the 

sentiment effect brought by disasters would impact on VIX. Large-scale natural 

disasters often have negative psychological effects, triggering changes in investor 

sentiment. Demski et al. (2017) have shown that direct experience of extreme weather 

events can lead to increased attention to sustainable development issues and a clear 

emotional response. Therefore, investors are likely to have bad mood and anxiety 

after natural disasters, which may affect investor decisions. Anxious people tend to 

have a negative attitude towards future earnings, and are unwilling to take greater 

risks, or both (Kaplanski and Levy, 2010). Behavioral finance shows that negative 

emotions are contagious and can affect the whole market. Panic emotions can lead to 

abnormal behavior of market investors, resulting in market volatility (Barsade, 2002). 

As VIX increases when investors expect a high level of market volatility, we 

therefore propose the first hypothesis: 

    H1. The occurrence of natural disasters will lead to the rise of VIX. 

The extant literature points out that financial time series have the characteristics 

of high persistence of conditional volatility, moreover, long-term and short-term 

volatility often have different persistence patterns and are affected by different factors. 

Short-term volatility changes greatly, and is affected by sudden factors, such as 

liquidity shock (Bali et al., 2014), introduction of new index (Xie and Mo, 2014), and 

investor sentiment (Vozlyublennaia and Nadia, 2014), etc. Meanwhile, long-term 

volatility emphasizes the effect of constant change (Ding and Granger, 1996; Engle 

and Lee, 1999) and is mainly determined by fluctuations of macroeconomic variables 

such as economic cycle, money supply, inflation and so on (Engle and Rangel, 2008).  

Being financial time series, VIX also has a long-term and short-term fluctuation 

trend. Nikkinen and Sahlstrom (2004), Smales (2013) finds that VIX rises around 

macroeconomic announcement disclosure, and quickly falls to normal levels after 

disclosure. Using the US oil volatility index and stock volatility index data, Dutta 

(2017) finds that oil price volatility has not only short-term effects on US VIX, but 

also has long-term effects.  

There may be differences between long and short-term effects of natural disasters 

on VIX for two reasons. Firstly, many direct damages and indirect losses by natural 

disasters, such as infrastructure failure, business interruption and disruption to supply 
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chain and so on, can not be recovered quickly in the short term, but can be alleviated 

in the long term (Leiter et al., 2009). For example, Elliott et al. (2015) find that 

typhoon has a short-term significant negative impact on economy, but no long-term 

impact. Given all that, investors will expect that the impact of natural disasters on the 

economy will continue to weaken in the long run, so the long-term impact of natural 

disasters on market volatility would be minimal. Secondly, based on the effects of 

emotion and panic, investors who are affected by panic after a natural disaster will 

take irrational investment behavior in the short term, and with panic and anxiety 

subsiding in the long run investors tend to gradually restore rationality. Hibbert et al. 

(2008) and Da et al. (2015) show that the behavior of investors tends to lead to excess 

volatility in the short run. Kaplanski and Levy (2010) find that investors who are “not 

fully rational” (Lee, Shleifer, and Thaler, 1991) react irrationally to the i  ediate 

news on aviation disasters and after two days revert back to their normal behavior. 

Recent evidences by Hong et al (2019) which aims to capture the long-run effect of a 

country’s drought vulnerability on equities suggest that climate risk information in 

terms of drought are incorporated into stock prices with a significant delay. 

Accordingly, we propose Hypothesis 2  

H2. Natural disasters have a short-term effect on the fluctuation of VIX, but do 

not have a long-term effect.  

 

2.2. Geographical and Institutional Dimension of Impact  

Risks posed by natural disasters are unevenly concentrated between firms and 

sectors (UNEP 2006; NGFS, 2019). The most important is that, the impacts by risk of 

natural disasters shall demonstrate differences across countries.  

First, the efficient market hypothesis holds that the movement of security prices 

in the markets is a result of the pricing of information (Malkiel, 1962; Fama, 1965). 

Given the fact that there is a large difference between the frequency and severity of 

natural disasters across countries (e.g. most hurricanes occur within the tropics 

between latitude 30◦ North and South, but not within ±5◦ of the equator, Alexander, 

1993; Skidmore and Toya, 2002), the VIX in the areas where natural disasters occur 

more frequently should have already integrated expectation of such climate risk. 

Therefore, countries with a higher exposure to natural disasters may place more 

emphasis on and tend to have higher emergency response capabilities against disasters 



 9 

(Kousky, 2014), which can mitigate the impact of disasters on maro-economy and 

financial market. In other words, countries with higher risk of natural disaster have 

better conditions regarding relevant institutions, early warning systems, medical care 

and hospital capacities to deal with disasters. Consequently, the response to an 

unexpected disaster differs from that of other countries.  

Second, globally, there are significant differences in institutional environment, 

financial system structure and legal environment of financial operation across 

countries (Cowell, 2013). There are more structural government policies for reducing 

the adverse impact of natural disasters in developed countries. These include 

mitigation policies, environmental regulation and rigorous capital reserves to adverse 

(disaster) shocks. Studies on credit supply after disasters have shown that countries 

with more developed credit markets appear to be more robust and better able to 

endure natural disasters (Noy, 2009; Klomp, 2014). And developing countries and 

smaller economies face much larger output declines following a disaster of similar 

relative magnitude (Noy, 2009). Meanwhile, more diversification opportunities or a 

well-functioning insurance and re-insurance or catastrophic bond market could 

provide ways to mitigate the consequences of natural disasters (McDermott et al., 

2014). It has already been well recognized that the insurance sector is ‘the front line’ 

and the leader of defense against economic losses by natural disasters through its role 

in pricing, carrying and transferring risk (G20 Green Finance Study Group, 2017).  

We hypothesize the following: 

H3a. Natural disasters have less impact on the VIX of a country where has 

higher vulnerability towards natural hazards.  

H3b. Natural disasters have less impact on the VIX in countries with higher level 

of developed financial markets.  

 

3. Data  

In this study, we have collected and merged data from 1,240 occurrences of 

natural disasters and VIX across thirteen advanced and emerging countries
1
. 

Natural disaster data. The natural disasters data come from “E ergency Events 

Database (EM-DAT)”
2
. We consider a natural disaster as a data point when a natural 

                                                 
1
 Based on data availability, the data source of VIX in 13 countries (Australia, Japan, Korea, India, 

United Kingdom, Germany, United States, France, Netherlands, Russia, Canada, Switerland and 

Brazil) are currently displayed on the official website of Investing.com, therefore, we select the 

data of these countries as research samples. 



 10 

situation or event exceeds local capacity, and requires external assistance. Specifically, 

as recorded in EM-DAT, a major natural disaster needs to meet at least one of the 

following criteria: ten or more fatalities, affected population exceeding 100, 

declaration of emergency and demanding international support. In our study, we 

further group disasters into four broad categories: (1) climatic disasters including 

extreme temperatures, droughts and wildfires; (2) geophysical disasters such as 

earthquakes, tsunamis and volcanic eruptions; (3) hydrological disasters including 

floods and wet mass movements and (4) meteorological disasters concerning storms 

and hurricanes (Klomp 2014, 2015). Recent studies have evaluated the effects of 

uncertainty on financial markets, and it has been suggested the detrimental effects of 

uncertainty on market functioning (e.g. Rehse et al, 2019). We assume each category 

of disasters have a similar level of probability distribution of the potential occurrence 

and therefore are able to trace up how results differ across various levels of 

uncertainty.  

   Market volatility data. We use daily VIX of developed and developing countries 

(Australia, Japan, Korea, India, United Kingdom, Germany, United States, France, 

Netherlands, Russia, Canada, Switerland and Brazil) extracted from Investing.com, 

and apply public data of official websites of the authorities that launched volatility 

indexes to check and complement the data. Investing.com, founded in 2007, is 

currently the fifth largest financial information portal in the world. The details of 

official data and investing.com data are as follows (Table 1). The sample period of 

each index is from the earliest date available to November 29, 2018. 

Table 1 

Other economic and financial data. To take cross-sectional analyses, we 

classify countries into several subsamples. Specifically, we use the World Risk Index 

(WRI) in the World Risk Report (WRR) to measure vulnerability to natural disasters 

in a country. The report system measures the exposure and vulnerability of more than 

                                                                                                                                            
2 EM-DAT is lunched by the Centre for Research on the Epidemiology of Disasters (CRED), 

which covers core data on the occurrence and effects of over 22,000 mass disasters in the world 

from 1900 to the present day, such as start date, country, location (specific to city), disaster type, 

total deaths, total damage ('000 US$) and so forth. For natural disasters that do not occur on the 

trading day, we define the first trading day after the disaster as the disaster event day to match the 

volatility index. 
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170 countries to natural disasters, provided by United Nations University Institute for 

environment and human security (ENU-EHS) and the Alliance Development 

Works/Bündnis Entwicklung Hilft (BEH). Under World Risk Index, the report 

classifies countries into five groups: very high, high, medium, low and very low 

(VHDs, HDs, MDs, LDs, VLDs), according to the chance and likelihood of being 

affected by natural disasters geographically, which reveals the differences in disaster 

risk among countries at a global level. 

Referring to King and Levine (1993) and Beck et al. (2000), we firstly use 

Private Credit, the proportion of credit to private sector to GDP, to indicate the level 

of financial development in various countries
3
. The data comes from the Global 

Financial Development Database established by the World Bank, which has released 

financial market data for 214 countries worldwide. Subsequently, we divide countries 

into two categories according to the measurement by K-means clustering method. The 

high and low mean ranks are the countries with high and low financial market 

development (HFs, LFs) respectively. In addition, we also examine the sensitivity of 

VIX to natural disasters in countries with different levels of the insurance market, 

based on the important role of insurance in hedging and managing disasters risks as 

discussed in Section 2. Following Chang and Berdiev (2013), we use total insurance 

premiums as a percentage of GDP to measure the development level of a country's 

insurance market, and divides the sample countries into two sub-samples of high-level 

and low-penetration insurance market countries (HIPs, LIPs).  

 

4. Model Specification 

In this section, we present two different modelling strategies. The models differ 

with respect to the treatment of length of time.  

                                                 
3
 It is generally believed that, unlike loans to government departments and state-owned enterprises, 

loans to private enterprises require financial institutions to invest more in information search and 

risk management, etc, Therefore, they better reflect the level of financial development than bank 

loans or assets of financial institutions (Levine, 2005). 



 12 

4.1 Cross-country Response of VIX to Natural Disasters  

   The literature on the effects of exogenous shocks on market volatility mostly uses 

the capital asset pricing model (Papakyriakou et al., 2019; Lanfear et al., 2019; 

bevilacqa et al., 2020) and GARCH family model (Bourdeau Brien and kryzanowski, 

2017; Corbet et al., 2018; charfeddine and refai, 2019; Kao et al., 2019; Bai et al., 

2020). We found that VIX Index have strong autocorrelation and heteroscedasticity, 

and the GARCH model based on autoregression can solve these problems and make 

the model converge (Trívez, Javier and Beatriz, 2009; Luo, 2012; Bourdeau-Brien and 

Kryzanowski, 2017). Thus, we use ARMAX (p, q)-GARCH (m, n) model to examine 

the impact of natural disasters on VIX. 

We start with an ARMAX model, which is an ARMA model with exogenous 

variables (Weron and Misiorek, 2005). In this model, the time serial fluctuation is 

fitted and predicted by autocorrelation and moving average terms (Zhang et al., 2018). 

The model is given as follows: 

 

 

where      is the value of implied volatility in time  ,        is an indicator 

variable with 1 representing the occurrence of a natural disaster of category n and 0 

otherwise.   is the key parameter of our interest, indicating the impact of natural 

disasters on VIX.   and   represent the order of an autoregressive and a moving 

average process.    and    denote the parameters of the autoregressive (AR) and 

moving average (MA) process, respectively.    is a white noise error term
4
. 

To find an appropriate ARMA(p,q) model, we use the standard procedures to 

check the data series stationarity with the Augmented Dickey-Fuller (ADF) test, 

                                                 
4
 This paper has no control for macro fundamentals following disasters mainly for two reasons. First, 

ARMA-GARCH model already captures all information about the past shocks and are more parsimonious 
because it uses autoregressive process and past volatility to including past information affecting volatility, 
respectively (Bollerslev,1986; Worthington and Valadkhani,2004). Second, the method of multivariate 
mixing model based on matching volatility (high frequency) and macroeconomic data (low frequency) are 
still in exploration, although some studies have begun to try to put macro variables into the financial 
market volatility model in recent years (Engle, 2013; Fang et al.,2017). Therefore, it is our research future 
agenda to add macro variables, such as GDP growth rate, inflation rate and oil price fluctuation, into the 
cross-country model to analyze proposed channels when the methods are available. 
 

                         

 

   

         

 

   

   (1) 
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perform the Ljung-Box test for the existence of autocorrelation, and determine the 

orders of p and q using the Akaike's Information Criterion. 

While an ARMA model can effectively describe shocks arising from new 

information, trends and mean-reversion, and accommodate the autocorrelation in VIX, 

it is assumed that the volatility in VIX is constant over time (Bourdeau-Brien and 

Kryzanowski, 2017). However，a large body of literature has investigated that VIX 

exhibits the time variation of volatility (Lin and Lee, 2010; Kambouroudis and 

Mcmillan, 2016; Pati, 2018). We then use its modified version, the GARCH 

(generalized ARCH), and augment it with an ARMA model as an ARMA-GARCH 

model to accommodate time series data which has conditional heteroscedasticity  

In our study, we adopt the following ARMAX-GARCH (1,1) with a set of 

exogenous variables, to model the impact of natural disasters on the implied 

volatilities (Henry et al., 2017). The model can be written as follows: 

 

                                     
 
   

 
     (2) 

                                     
 
   

 
                   (3) 

                                      
 
   

 
     (4) 

     
          

       
       (5) 

                           (6) 

where          is a standardized random error distributed with (0,1), equation (5) 

describes the GARCH structure for the conditional variance   
 .  DT,t, DV,t ,DF,t , are 

n×1 vectors of exogenous dummy variables indicating the occurrence of natural 

disasters in the different conditions of disaster types, disaster vulnerability and 

national financial characteristics respectively, and     is a 1×n parameter vector of 

exogenous variables.   is a  intercept term and    is the random error . For example, 

DF,t is an exogenous dummy variable (or = [           ,          ] or [            , 

          ] is a 2 x 1 vector of exogenous dummy variables separately in case of the 

country with high and low level of financial development (HFs, LFs), or high and low 

level of insurance penetration (HIPs, LIPs) respectively) indicating the occurrence of 

natural disasters. Similarly, DV,t is 5 x 1 vector or =[            ,           , 
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           ,           ,            ], referring to whether natural disasters occur in 

the country with very high, high, medium, low or very low vulnerability to natural 

disasters (VHDs, HDs, MDs, LDs, VLDs), respectively. DT,t is     vector of 

exogenous dummy variables indicating the occurrence of each type of natural 

disasters separately on the t
th

 trading day, and  ＝     ,4.   

 

4.2 Long- and short-run effects of natural disasters on VIX  

To directly analyze the influence of the natural disasters on the forward-looking 

volatility, we use the GARCH-MIDAS model, proposed by Engle et al. (2013), to 

uncover the long-term effects of an exogenous variable on financial market volatility. 

GARCH-MIDAS model has been applied to examine the long-term impact of natural 

disaster announcements on exchange rate volatility (Liu et al., 2019). Using a novel 

mixed data sampling (MIDAS) approach, this model allow us to divide the sequence 

into different time-frequency waveforms, which can be interpreted as sequence 

characteristics in different time-frequency. Using this method, we can decompose the 

conditional variance of VIX to short-run and long-run components. By regressing the 

decomposed volatility components with natural disasters, we can examine whether 

natural disasters have impact on the long-term and short-term volatilities. We, 

hereafter, refer to gi,m and    as the short and long run variance components, 

respectively. While the transitory volatility component changes at the daily frequency 

i, the long-run component changes at the monthly frequency m. We will denote Nm 

the number of days that the month,  , has. The GARCH-MIDAS model is specified 

as follows:  

                               (7)  

              
        

  
                (8)  

         
 
                       (9) 
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               (10) 

          
     

    
       

    

  
 
   

    
   

 

 
 
    

 
   

       (11) 

where                    The weight parameters               

       which sum to one.  RVm is the realized volatility and is calculated from the 

input sequence.  Following Engle et al.(2013), Conrad et al.(2018) and Fang et 

al.(2018) who transformed realized volatility in GARCH-MIDAS model into a 

low-frequency macroeconomic variable, we transform it into a natural disaster 

variable,       , to analyze the impact of natural disasters on long and short-term 

volatility indexes.        equals one during the event period of a natural disaster 

and zero otherwise at month  . In addition, the volatility index data is processed 

through logarithm without changing the original data characteristics. 

           
 
                         (12) 

According to the GARCH-MIDAS model, when    is greater than 1, more 

recent observations will be given smaller weight, and when    equals to 1, the 

weight function decreases monotonically. Following Engle et al. (2013), we fix    

to one, making the weight decrease with the increase of the lag order. Regarding the 

choice of K in the model, we follow Asgharian (2013) and draw the likelihood 

function with different lag and weights change maps in GARCH-MIDAS model for 

each sample respectively. Firstly, the maximum possible value of lag is determined 

according to the weight value greater than 0.01. Then, in this interval range, we define 

the optimum value of K where likelihood value is at the highest level. We use fixed 

window and rolling window for model regression. Fixed window means the long-run 

component will be fixed for a week/month/quarter/year, whereas, roll-window 

indicates the long-run component varies every period. 
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5. Results and Discussions 

 Before we move on to the estimation results, we check the descriptive statistics 

across countries and types of the natural disasters (Figure 2; Table 2,3,4). Figure 2 

shows the distribution of four types of disasters in each country during the sample 

period. As can be seen from the figure, hydro meteorological disasters are the most 

common disaster types for all sample countries. Results in Table 4 suggest differences 

across countries, especial for the variables of insurance penetration, financial 

development and vulnerability. We are then interested in whether there exists 

statistical difference on VIX values of the day prior to and on the day of the 

occurrence of a natural disaster. To do so, we first plot VIX against the occurrence 

date (Figure 3), and perform a univariate means test (Table 5). In general, VIX exhibit 

an upward trend before and after the occurrence date. Results show that value of VIX 

on the day of occurrence is higher than that of the day prior to the occurrence, and 

there exists a significant response of VIX to the outbreak of natural disasters.   

Table 2, Figure 2, Table3, Table 4 

Figure 3 

Table 5 

5.1 ARMA and GARCH models 

Before analyze the impact of VIX, we need to check the stationarity to avoid 

spurious regression.  Results are resented in Table 6. The values of t-statistics of 

VIX are significant at 1% levels, as well as at the first differences, which reject the 

null hypothesis of the unit root. That is, all the data series are stationary in our sample. 
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Table 6  

Meanwhile, we also implement the Box-Ljung test on VIX to analyze the fitness 

of the model by examining the autocorrelations of the residuals. Table 7 shows the 

results. Ljung-Box Q-statistics with 5 lags and 10 lags are significant at 1% level, 

which provides strong evidence of autocorrelation in VIX across all the countries, so 

it is appropriate to the ARMA model for the approximation. After observing the 

values of ACF and PACF, and applying the Akaike information criterion (AIC), we 

report the best fitted ARMA model for each country in Table 8.  

Table 7 

Table 8 

 As far as the heteroscedasticity is concerned, we have applied ARCH-LM test. 

Results are presented in Table 9. We find out that al the F-statistics in VIX are highly 

significant at 1% level. That is, the time-varying characteristics of  IX are “volatility 

clustering” and  IX exhibits conditional heteroscedasticity across all the countries.  

On the other hand, the F-statistics of ARMA-GARCH (1,1) models are not significant, 

suggesting that ARMA-GARCH (1,1) effectively eliminates the conditional 

heteroscedasticity of residual sequence, and therefore, employing the GARCH model 

is sensible. 

  Table 9 

5.2 Results of the ARMAX-GARCH Model 

Table 10-1 and 10-2 present the estimation results of ARMAX-GARCH model. 

where AR (i) and MA (j) represent the parameter of the i-th autoregressive term and 

the j-th moving average term, respectively. For example, in the fitted 
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ARMAX-GARCH model for full sample, 0.2437 is the estimated parameter of AR(1), 

namely    in Eq.(2), and 2.3103 is the Z-statistic of this estimated parameter. Most 

of estimated coefficients in the ARMA component are significant, indicating that VIX 

exhibits periodical variations. Constant, ARCH and GARCH correspond to 

parameters of   ,   and  , in Eq. (5) respectively. All the estimated parameters of 

GARCH components are highly significant (at 1% level), which suggests the 

time-varying feature in the volatility of VIX. The results of adjusted R2, F-test, AIC, 

BIC are provided to be measures of goodness of fit to analyze and select the models 

which best describe the trend features of VIX. 

Regarding the key variable DISAS, results from Column (1) in Table 10-1, show 

that DISAS is 0.0764 and statistically significant at the 1% levels, indicating that the 

occurrence of natural disasters will increase market determined implied volatility. The 

result supports H1. It means that the level of market turbulence after disasters tends to 

increase in the short term. For the modeling results by countries, the estimated 

coefficient of DISAS is significantly positive in Korea, Germany and the United 

States.  

Table 10-1, Table 10-2 

Furthermore, we look into the impact of the natural disasters by their types, 

results are presented in Table 11. The coefficient for the models of geophysical and 

meteorological disasters using the data of all the countries are 0.0879 and 0.079, 

respectively, which are highly statistically significant. Results indicate that in a 

comparison with other types of disasters, occurrences of geophysical and 

meteorological disasters, such as earthquakes, tsunamis, storms and hurricanes, are 

more likely to increase market volatility. It might be due to the fact that these two 

catalogues of disasters account for the majority of the total physical damage 



 19 

worldwide (EM-DAT, 2013). And these two disasters often lead to a wider scope of 

production destruction and a deeper deterioration of the financial position of 

enterprises. In the meanwhile, their high incidence cause affected enterprises to have 

little time to cope and recover. So, in the aftermath of a disaster, future market 

volatility forecast arises more positively.  

Table 11 

To further shed light on the impact of natural disasters on the VIX, it is essential 

to take into account of the cross-country heterogeneity (Klomp, 2014). How well to 

mitigating the physical damages brought by the natural disasters is more or less 

related to the economic and finance conditions of a country.  

In Column (1) of Table 12, the coefficients of DISASLD and DISASVLD are both 

significantly positive, while those of DISASHD and DISASMD are not significant. It 

indicates that market implied volatility in countries with lower exposure of disasters is 

more sensitive to occurrences of natural disasters than those with higher exposure. 

That is to say, expected future market volatility tends to increase more after natural 

disasters shock in countries with lower exposure of disasters. Our results are similar to 

existing research (Klomp, 2014), which documents more sensitive financial reaction 

in countries with lower disaster frequency because it is easier to take preparation 

measures to avoid loss for disasters when it happened more frequently and be 

forecasted better. This finding supports H3a.  

Moreover, the coefficient estimate of DISASVHD,t is significantly negative in 

Column (1), indicating that investors are less worried about the decline, and there may 

be some sell-off of put options in the market causing VIX to decrease. It is not 

consistent with one’s intuition, therefore we try to explore this puzzle further. We find, 

in all 13 sample countries, only Japan belongs to the subsample of countries with 
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high-level disaster exposure. Therefore, we delete Japan from the sample to 

re-examined the results of Table 12
5
. While the coefficient of DISASVHD,t is null and 

the estimation results of other variable coefficients are basically unchanged. Therefore, 

combined with the results of Japan in table 10, Japan is the main driving factor for the 

(negative) results of DISASVHD,t . As a disaster prone country, investors in Japan may 

improve their original expectations after disaster and reduce selling, which is 

consistent with the points of "window of opportunity" concept. According to this 

theory, the triggering role of disasters can instead be used to catalyze strategies and to 

introduce radical innovations (Rizzo, 2019; Davidsson,2020). While smaller disasters 

do not often lead to significant changes in societies and organizational structures, 

major or high frequency disasters have the potential to change dominant ways of 

thinking and acting (Birkmann, 2010). Several studies provide empirical evidences, 

such as Leiter et al. (2009) and Jaramillo (2009), which point out that natural disasters 

have a positive effect on GDP growth due to the fact that after the disasters, the region 

and the country have usually been provided with a significant investment surge, e.g. 

new investment, government funding and production equipment updates.  

Results from Column (3) and (4) show that the coefficient estimates of DISASHF 

and DISASHIP are 0.0584 and 0.0523, respectively, and are significantly positive at 1% 

level, while DISASLF and DISASLTP are 0.0477 and 0.0676, respectively, which are 

also positive, but not significant. This result indicates that after natural disasters occur, 

VIX tend to rise for the countries with more developed financial markets or high 

insurance penetration, raising the anticipation of future market uncertainties, but those 

with less developed financial  arkets will not. Results don’t support H3b. The reason 

may be that, recent empirical evidences have suggested that the awareness of climate 

                                                 
5
 Given space limitations, the empirical results are not provided in the paper, which can be obtained from 

the author when asked. 
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risks in developed countries are far higher than those in developing countries (Zhou 

and Zhang, 2005; Wei, et al. 2020; Hong, et al, 2019). Therefore, investors in 

countries with developed financial markets may pay more attention and be more 

sensitive to the negative impact of environment-related shocks. The implied volatility 

may exhibit an increasing trend for high perceived disaster risk by anxiety or 

overestimation of negative effects of such investors (Kaplanski and Levy, 2010). 

Meanwhile, the developed financial markets can reflect market information more 

timely (Li et al., 2018), which help investors adjust their future volatility expectations 

promptly towards negative impact of disasters on the economy. 

Table 12  

Furthermore, there might be an interaction effect between disaster vulnerability 

and national financial characteristics. Therefore, we use ARMA-GARCH model (3) to 

analyze the impact of disasters on VIX in countries with different vulnerability of 

disasters for each sub-samples grouped by financial development. The empirical 

results are shown in table 13. All coefficients of DISAS in countries with 

underdeveloped financial markets are not significant. However, estimated coefficients 

of DISASLDs and DISASVLDs in the sample countries with more advanced financial 

development are positive significantly at the level of 1% and the efficient of 

DISASHLDs is -0.3398 and significant. Those results mean that no matter how disaster 

frequency or vulnerability is, only when countries have high financial development, 

its VIX tends to respond to the occurrence of natural disasters.  

Table 13 

This finding is further supported by empirical analysis of single country in table 

10. In the table, only the VIX of Korea, the United States and Germany rose after 

natural disasters. Those three countries, as indicated by the summary statistics of 
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national characteristics of sample countries (table 14) are countries with high financial 

development and low disaster vulnerability.  

  Table 14 

5.3 Results of GARCH-MIDAS Models 

     To understand further the long-term impact of natural disasters on market 

implied volatility, we fit GARCH-MIDAS models for the full sample and individual 

countries. Tables 15 and 16 report the estimated results. We implement both the fixed 

window and rolling window estimation methods to test whether the results are robust. 

These output of the two  ethods denoted as ‘Fixed window’ and ‘Rolling window’ in 

Tables 15 and 16. The parameters of  ，        are highly significant, which 

supports that the volatility of VIX is strongly volatility clustering in the short-term. 

The estimated parameters of   in all models are insignificant, indicating that natural 

disasters would not bring about significant long-term volatility in VIX. Combining the 

results of Table 7 above, it is shown that natural disasters only have short-term effects, 

but do not change the long-term fluctuation trend of VIX. H2 is supported.  

Table 15, Table 16 

In order to test whether the cross-country difference has an impact on the 

empirical results, we also perform GARCH-MIDAS model for all sub-samples 

grouped by national characteristics of financial market and the vulnerability of natural 

disasters. The results are demonstrated in Table 17. The results indicate that all 

estimated parameters of each group are not significant confirming again no impact of 

natural disasters on the long-term VIX volatility.  

Table 17 
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6. Robustness 

6.1 Modeling check 

Referring to Beck and Katz (1995), we use the regression with Beck-Kzta robust 

estimation of the standard errors to account for heteroscedasticity and serial 

correlation. Table 18 shows the empirical results of panel corrected standard errors 

model (PCSE) after adopting the Beck-Kzta robust estimation. We find similar 

patterns as those presented in Table 11and Table 12. The coefficient of DISAS in the 

full sample is positive at the 1% significance level indicating that the occurrence of 

natural disasters will cause the rise of VIX index. After classifying types of disasters, 

the effect holds for hydraulic and meteorological disasters. For subsamples, the 

coefficients of DISASHF and DISASHIP are 0.1593 and 0.1649 respectively significant 

at the level of 1%. However, DISASLF and DISASLIP are not significant. Therefore, 

The results also support the hypothesis H3a.  

Table 18 

 

6.2 Test of sample selections 

6.2.1 Filter criteria of natural disasters sample 

    Gassebner (2010) points out that many disasters in the EM-DAT database cause 

few casualties and damages which might not have enough impact on the economy and 

society. Based on this opinion, if disasters in EM-DAT have no impact on national 

production capacity and public infrastructure damage, they will not have any impact 

on investors' expected market volatility. Following Gassebner (2010) and Klomp 

(2015), we then use the following criteria to filter the disasters in EM-DAT: (1) the 

number of deaths is not less than 1000; (2) the number of people affected is not less 

than 100000; or (3) the amount of loss is not less than US $1 billion. In order to make 

the value of the loss comparable over the sample period, we use the US GDP deflator 
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to convert the value of the US dollar into the constant US dollar as in 2005. After 

screening, the number of global natural disasters in the sample decreases to 225.  

Then, we re-estimated ARMA-GARCH Model (1) for the filtered samples and 

the results are shown in Table 19. For both full samples and subsamples, the symbols 

and significance of coefficient estimates point in the same direction as before.  

 

Table 19  

 

6.2.2 Sensitivity test for non-US countries  

It should be noted that 658 disasters of the disasters in the sample occur in the U.S. 

– this makes up over half of the total number of disasters in the sample. Is the U.S. 

driving the results for the whole sample? We re-estimate all models using data from all 

countries but excluding the U.S. The results are presented in Tables 20. Again, the 

regression results point in the same direction as before. 

 

Table 20 

6.2.3 Sensitivity test for special periods 

Occurrence of financial crisis will lead to changes in investor sentiment and risk 

tolerance (Bourdeau-Brien and Kryzanowski, 2017). In order to exclude the influence 

of this factor on the empirical results, we distinguish the natural disasters that 

occurred in the 2008-2009 global financial crisis from those that occurred in other 

periods (Tables 21–22).     

By comparing Table 21 and Table 12, the coefficients of DISASMD in column 

(2) and DISASLIP in column (4) of Table 21 are significant, while ones in Table 12 

are not significant, indicating that after the sample excludes the financial crisis period, 

VIX's response to natural disasters is more significant. One possible explanation is 

that the occurrence of the financial crisis has diverted investors' attention. The results 

of Table 22 gives further support to this possibility. It shows the overall response of 

VIX to natural disasters is not significant during the financial crisis. 

 

Table 21, Table 22 
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7. Conclusion 

Given the critical importance of volatility forecast to asset pricing and investment 

decisions, VIX, as a forward-looking market determined volatility forecast, has 

attracted a great deal of research attention in academia and practice. In this study, we 

provided cross-country evidences about how natural disasters impact market volatility 

by using a sample of 1240 natural disasters and VIX index from 13 advanced and 

emerging countries.  

Our main findings suggest that the occurrence of natural disasters will generally 

increase market determined option implied volatility and raise market risk. More 

specifically, it is most significant for geophysical and meteorological disasters. 

Moreover, our cross-sectional analysis suggest, first, sensitivity of VIX to natural 

disasters is higher in countries with higher financial development and lower 

vulnerable disaster risk. The findings provide evidences to support investor’ 

awareness to climate risk of natural disasters higher in countries with higher level of 

financial markets. Second, no matter how vulnerable their natural disasters are, the 

response of VIX in countries with underdeveloped financial markets to natural 

disasters is generally not significant. 

Finally, based on the empirical results of GARCH-MIDAS model, the impact of 

natural disasters on VIX is significant at the short-term, the effect would be absorbed 

by the market in the long run, and will not significantly bring long-term fluctuation.  

   Overall, our findings suggest that natural disasters can affect financial stability 

through market expectations regarding future market volatility. It also provides 

empirical basis for investors who use VIX to risk alert and hedging for natural disaster 

risk. Our results show to some extent that the countries with higher level of financial 
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market pay more attention to physical risks caused by environment, such as natural 

disaster risk, while countries with the less developed financial markets do not respond 

adequately to the financial risks associated with natural disasters. The findings is 

consistent with recent call by Hong et al (2019) that stock markets is underrating to 

climate risk, and therefore raises awareness towards climate risk in financial markets. 

It also set a research agenda forward to explore the underlying mechanism and causes 

which are still under-exploration in this paper.   
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Tables 

Table 1 VIX Data Source  

Country VIX index Underlying index Index publisher Time of launched 
Sample time period 

(Investing.com) 

Australia 
S&P/ASX 200 VIX

（A-VIX） 
S&P/ASX 200 ASE 2013/10/21 2008/1/3- 

Japan Nikkei 225 VI Nikkei 225 TSE 2012/2/27 2000/11/13- 

Korea V-KOPSI 200 KOPSI 200 KRX 2009/4/13 2003/1/2- 

India India VIX NIFTY 50 NSE 2009/3/2 2008/3/4- 

United 

Kingdom 

FTSE100 

VOLAT.INDX 
FTSE100 Euronext 2010/5/6 2010/5/6- 

Germany VDAX-NEW DAX-NEW 
Frankfurt Stock 

Exchange 
2005/1/3 2001/5/11- 

United States CBOE Volatility Index S&P 500 CBOE 2003/9/22 1990/1/3- 

France CAC 40 VOLA IDX CAC 40 Euronext 2010/6/11 2000/1/4- 

Netherland AEX VOLAT.INDEX AEX Euronext 2010/6/11 2000/1/4- 

Russia Russian Volatility Index RTS 
Moscow 

Exchange 
2010/12/7 2013/11/19- 

Canada S&P/TSX 60 VIX S&P/TSX 60 
Montreal 

Exchange 
2009/10/01 2009/10/01- 

Switzerland 
Volatility Index on the 

SMI 

Swiss Market 

Index 
SIX 2005/04/20 1999/01/04- 

Brazil 
Brazil ETF Volatility 

Index 
EWZ ETF CBOE 2011/03/16 2011/03/16- 

Note: The table shows a brief description of the VIX data for 13 countries in the sample. 1) ASE, TSE, KRX, NSE, and 

SIX respectively represent Australian Securities Exchange, Tokyo Stock Exchange, Korea Exchange, National Stock 

Exchange of India and Swiss Exchange. 2) The starting date of sample time period is able to be earlier than that of the index 

launch date, because the index pubishing organization (Investing.com) uses the existing index compilation method to 

backward calculate the index in order to promote its application. 
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Table 2 Natural disasters by type and country 

Country Total 

Time 

periods 

Climatological Geophysical Hydrological Meteorological 

Wildfire Mass 

movement 

(dry) 

Volcanic 

activity 

Earthquake Landslide Flood Extreme 

temperature 

Storm 

Australia 46 2008/1/3- 11 0 0 0 0 17 2 16 

Japan 118 2000/11/13- 1 0 1 22 3 16 7 68 

Korea 30 2003/1/2- 2 0 0 2 1 9 0 16 

India 163 2008/3/4- 2 1 0 6 10 79 14 51 

United 

Kingdom 

14 

2010/5/6- 

0 0 0 0 0 7 1 6 

Germany 43 2001/5/11- 0 0 0 1 0 11 6 25 

United 

States 

658 

1990/1/3- 

68 0 0 18 4 137 15 416 

France 68 2000/1/4- 3 0 0 0 0 26 10 29 

Netherlands 14 2000/1/4- 0 0 0 0 0 0 4 10 

Russian 10 2013/11/19- 1 0 0 0 0 8 0 1 

Canada 22 2009/10/01- 4 0 0 0 0 8 3 7 

Switzerland 26 1999/01/04- 0 1 0 0 4 4 5 12 

Brazil 28 2011/03/16- 0 0 0 0 2 24 0 2 

Total 1240  92 2 1 49 24 346 67 659 

Note: This table shows the descriptive statistical analysis of sample disasters according to disaster types and countries. 
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Table 3 Descriptive statistics of VIX data 

VIX index Country Mean Max Min Std.Dev Skewness Kurtosis Jarque-Bera 

Full sample All sample 

countries 

21.5052 112.0800 0.4300 9.3941 1.8078 7.9400 74963.1500*** 

S&P_ASX 200 VIX Australia 19.1641 101.0000 7.3940 8.5113 2.1340 10.3175 8473.9541*** 

Nikkei Volatility Japan 25.1363 91.4500 11.5200 9.0187 1.6516 6.0341 3739.0920*** 

KOSPI Volatility Korea 21.0221 89.3000 9.7200 9.3711 2.2420 11.1065 14085.7000*** 

India VIX India 21.5789 85.1300 10.4475 9.7834 1.8886 7.2957 3619.7010*** 

FTSE 100 VIX United 

Kingdom 

16.1965 43.6100 6.1940 5.3657 1.6074 6.4217 1992.0760*** 

DAX New Volatility Germany 21.8823 74.0000 10.8000 8.7504 1.6516 6.0341 3739.0920*** 

CBOE Volatility Index United States 19.2602 80.8600 9.1400 7.8125 2.0999 10.7296 23483.4900*** 

CAC 40 VIX France 22.5315 78.0500 0.4300 8.8902 1.6697 6.9931 5447.6460*** 

AEX Volatility Netherland 22.2921 81.2200 5.7700 10.3973 1.8422 7.0012 5961.3590*** 

Russian Volatility Index Russia 30.8526 112.0800 14.5800 10.5794 1.6206 8.3445 2062.4590*** 

S&P/TSX 60 VIX Canada 16.4004 36.7100 10.0100 4.4225 1.3065 4.7358 922.2031*** 

Volatility Index on the 

SMI 

Switzerland 18.9465 84.8967 8.8102 7.9460 2.1933 10.0028 14361.7800*** 

Brazil ETF Volatility 

Index 

Brazil 33.2720 72.8300 16.6700 8.8336 0.9484 3.8568 350.4943*** 

Note: This table reports the descriptive statistics of VIX data in the sample. Std. Dev. stands for standard deviations. 

Jarque-Bera stands for statistical value of normal distribution. ***, ** and * stand for significance at 1%, 5% and 

10% levels, respectively. 
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Table 4 Descriptive statistics within groups 

Variables Observations 

(1) 

 Mean 

(2) 

Std. Dev 

(3) 

Min 

(4) 

Max 

(5) 

All_VIX overall N = 48007 21.5052 9.3941 0.43 112.08 

 between 13 countries  5.0674 16.1965 33.2720 

 within T-bar = 3692.85  8.6337 -0.5964 103.341 

DISAS overall N = 48007 0.0248 0.1555 0 1 

 between 13 countries  0.0245 0.0029 0.0854 

 within T-bar = 3692.85  0.1529 -0.0606 1.0219 

Category of Disasters       

Climatological overall N = 48007 0.0019 0.0437 0 1 

 between 13 countries  0.0026 0 0.0093 

 within T-bar = 3692.85  0.0436 -0.0074 1.0017 

Geophysical overall N = 48007 0.0010 0.0323 0 1 

 between 13 countries  0.0015 0 0.0050 

 within T-bar = 3692.85  0.0322 -0.0039 1.0008 

Hydrological overall N = 48007 0.0076 0.0866 0 1 

 between 13 countries  0.0091 0 0.0328 

 within T-bar = 3692.85  0.0862 -0.0252 1.0060 

Meteorological overall N = 48007 0.0149 0.1210 0 1 

 between 13 countries  0.0156 0.0008 0.0579 

 within T-bar =3692.85  0.1195 -0.0431 1.0141 

Different Classification       

Insurance penetration overall N = 39971 6.8239 2.3751 1.0267 13.1751 

 between 13 countries  2.9577 1.0830 10.7974 

 within T-bar = 3074.69  0.7964 4.269172 9.4211 

Financial development overall N = 39926 125.8577 40.0959 47.9274 212.269 

 between 13 countries  43.1242 51.0105 167.4629 

 within T-bar = 3327.17  14.5816 74.8025 170.6639 

Vulnerability of natural 

disasters  

overall N = 48007 1.3576 2.7714 0 13.68 

 Between 13 countries  0.7620 0.4963 2.9632 

 within T-bar = 3974.2  2.5973 -1.6225 12.1285 

Note: This table presents the basic summary statistics of all variables used in the sample. Overall, 

between and within represent the comprehensive, intergroup and intragroup descriptive statistical 

analysis of samples respectively. Column 1 to Column 5 separately report the total observation, mean, 

standard deviation, minimum and maximum value. 
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Table 5 Results of Univariate tests 

Country 
T(0) T(-1) 

T-test of diff. in mean 
Average N Average N 

All_country 20.4349 1190 20.2765 1190 3.4540*** 

Australia 21.8552 42 21.6475 42 0.7800 

Japan 23.7974 115 23.6179 115 1.0060 

Korea 20.5276 29 20.0252 29 2.1470** 

India 20.5265 160 20.4148 160 0.8740 

United Kingdom 15.3316 14 15.0829 14 1.0680 

Germany 20.5407 43 20.0956 43 2.4390** 

United States 19.0748 619 18.8664 619 3.2480*** 

France 22.7621 67 22.8779 67 -0.6910 

Netherlands 20.5438 13 20.8315 13 -0.6870 

Russia 29.5360 10 29.6840 10 -0.3190 

Canada 16.0382 22 15.9623 22 0.2930 

Switzerland 20.6296 26 20.5851 26 0.2280 

Brazil 31.3364 28 31.8354 28 -1.5940 

Note: This table presents the means of VIX for pre-day and event day of natural disasters. Differences 

in the means of VIX between pre-day and event day of natural disasters are then tested using a 

two-tailed t-test of means. The associated t-statistics are reported in parentheses. *, **, and *** denote 

significance at the 10%, 5%, and 1% levels, respectively. 
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Table 6 Unit root and stationary test of VIX 

VIX index Country Start Date End Date Obs.# ADF ADF(D) 

Full sample All sample 

countries 

1990/1/3 2018/11/29 48007 -13.3225*** -68.7870*** 

S&P_ASX 200 VIX Australia 2008/1/3 2018/11/29 2834 -3.4404*** -26.4324*** 

Nikkei Volatility Japan 2000/11/13 2018/11/29 4441 -5.7671*** -38.5087*** 

KOSPI Volatility(VKOSPI) Korea 2003/1/2 2018/11/29 3939 -3.6170*** -17.2809*** 

India VIX India 2008/3/4 2018/11/29 2655 -3.5052*** -31.1815*** 

FTSE 100 VIX United Kingdom 2010/5/6 2018/11/29 2169 -6.2490*** -25.2530*** 

DAX New Volatility Germany 2001/5/11 2018/11/29 4461 -4.1195*** -32.7789*** 

CBOE Volatility Index United States 1990/1/3 2018/11/29 7283 -5.5902*** -30.3819*** 

CAC 40 VIX France 2000/1/4 2018/11/29 4825 -5.3555*** -40.2618*** 

AEX Volatility Netherlands 2000/1/4 2018/11/29 4836 -5.2926*** -43.9481*** 

Russian Volatility Index(RVI) Russia 2013/11/19 2018/11/29 1267 -4.3709*** -21.9247*** 

S&P/TSX 60 VIX Canada 2009/10/01 2018/11/29 2300 -6.0505*** -52.7509*** 

Volatility Index on the SMI Switzerland 1999/01/04 2018/11/29 5055 -5.2090*** -39.3456*** 

Brazil ETF Volatility Index Brazil 2011/03/16 2018/11/29 1942 -4.8062*** -45.5267*** 

Note: This table reports unit root tests of the VIX to check the stationarity of the data. ADF and ADF(D) stands for 

augmented Dickey Fuller unit root test for the level and first differenced series, respectively. ***, ** and * stand for 

significance at 1%, 5% and 10% levels, respectively. 
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Table 7 Autocorrelation tests of VIX 

Name 

VIX  

Q2(5) Q2(10) 

Q-statistics Probability Q-statistics Probability 

All_country 180318.0*** 0.000 32290.0*** 0.000 

Australia 5405.2*** 0.000 9619.4*** 0.000 

Japan 18309.0*** 0.000 33372.0*** 0.000 

Korea 16236.0*** 0.000 29557.0*** 0.000 

India 10123.0*** 0.000 18449.0*** 0.000 

United Kingdom 7024.0*** 0.000 12451.0*** 0.000 

Germany 17476.0*** 0.000 31883.0*** 0.000 

United States 28940.0*** 0.000 53213.0*** 0.000 

France 17291.0*** 0.000 30293.0*** 0.000 

Netherlands 20393.0*** 0.000 36630.0*** 0.000 

Russia 2440.2*** 0.000 3628.5*** 0.000 

Canada 8471.6*** 0.000 15194.0*** 0.000 

Switzerland 19130.0*** 0.000 34325.0*** 0.000 

Brazil 6242.1*** 0.000 8748.5*** 0.000 

Note: This table shows the empirical results of Ljung-Box test，namely Q-test, to identify the 

autocorrelation in residuals of VIX time series. Q
2
(5) and Q2(10) is the Ljung-Box test statistic for 

serial correlation in the squared standardized residuals with five lags and ten lags. ***, ** and * 

stand for significance at 1%, 5% and 10% levels, respectively. 
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Table 8 Autocorrelation & Partial Correlation of VIX  

VIX index 

ARMA 

（after ACF&PACF） 

AIC 

After AR After MA After ARMA 

All_country ARMA(10,2) 3.8634 5.4902 3.8624 

Australia ARMA(5,9) 4.4229 4.7110 4.4116 

Japan ARMA(2,8) 4.1276 4.4546 4.1196 

Korea ARMA(5,10) 3.6223 4.0198 3.6042 

India ARMA(2,9) 4.1246 4.5295 4.1189 

United Kingdom ARMA(1,0) 3.4887 6.1984 3.4887 

Germany ARMA(1,7) 3.5364 4.0288 3.5224 

United States ARMA(3,9) 3.6685 3.9639 3.6550 

France ARMA(4,9) 3.9505 4.2376 3.9380 

Netherlands ARMA(1,7) 3.7458 4.2970 3.7418 

Russia ARMA(1,6) 4.7150 5.1039 4.6985 

Canada ARMA(10,3) 3.1945 3.9682 3.1940 

Switzerland ARMA(10,3) 3.1817 4.4555 3.1797 

Brazil 
ARMA(10,3) 4.1365 5.0788 4.1356 

Note: The table shows the optimal ARMA model based on AIC after the order of ARMA model 

obtained from autocorrelation function (ACF) and partial autocorrelation function (PACF). The ACF 

and PACF test results of VIX in different countries are not listed in this paper because of space 

limitation. When using Akaike information criterion (AIC) minimization principle to determine the 

optimal ARMA model, we deleted the non-significant lag orders in models. 
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Table 9 The results of ARCH test 

VIX index F-statistic 

ARCH by LS ARCH by ARMA ARCH by ARMA-GARCH（1,1） 

All_country 321253.20***   10302.6932*** 1.5584 

Australia 2219.27*** 280.8373*** 0.0939 

Japan 48756.81*** 218.1578*** 0.1089 

Korea 37906.46*** 82.8230*** 0.5450 

India 12102.84*** 675.7242*** 0.0310 

United Kingdom 13070.77*** 239.1246*** 2.4999 

Germany 44410.95*** 422.8098*** 0.0123 

United States 62497.23*** 314.6592*** 0.4408 

France 30011.63*** 218.1578*** 0.0935 

Netherlands 73359.05*** 252.4788*** 0.0006 

Russia 3030.02*** 53.1181*** 0.0873 

Canada 14895.15*** 30.1113*** 0.0653 

Switzerland 54583.08*** 777.2364*** 0.9821 

Brazil 11872.78*** 9.7139*** 0.2669 

Note: This table shows respectively the results of ARCH-LM test of least squares model, ARMA model and 

ARMA-GARCH (1,1) model to check conditional heteroskedasticity of VIX time series. Figures in this table 

indicate F-statistics. ***, ** and * stand for significance at 1%, 5% and 10% levels, respectively. 
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Table 10-1 Results of the ARMAX-GARCH model 

Parameters    (1) 

All country 

  (2) 

Australia 

 (3) 

Japan 

(4) 

Korea 

(5) 

India 

(6) 

United 

Kingdom 

(7) 

Germany 

Mean 

equation 

DISAS 0.0764*** 

(4.7503) 

0.0669 

(0.5320) 

-0.2487*** 

(-4.6222) 

0.3988*** 

(5.3106) 

0.0561 

(1.1243) 

0.1152 

(0.3581) 

0.1707* 

(1.6827) 

 AR(1) 0.2437** 

(2.3103) 

1.3182*** 

(36.5950) 

0.4537*** 

(7.5353) 

0.7944*** 

(2.9239) 

0.9916*** 

(31.2145) 

-0.0113 

(-0.1611) 

1.8899*** 

(88.5855) 

 AR(2) 0.4634*** 

(4.6485) 

-1.4025*** 

(-19.1021) 

-0.5313*** 

(-8.2561) 

-0.7184** 

(-2.0903) 

-0.9868*** 

(-23.9748) 

0.8394*** 

(13.0048) 

-0.9047*** 

(-24.1158) 

 AR(3) 0.1628* 

(1.7842) 

0.0067 

(0.0616) 

0.8124*** 

(17.4249) 

1.1373*** 

(3.4081) 

0.8119*** 

(18.1856) 

0.0331 

(1.0426) 

0.0101 

(0.2590) 

 AR(4) 0.0068 

(1.1792) 

1.1477*** 

(10.9446) 

0.0579** 

(2.4433) 

-0.1685 

(-0.4834) 

0.0582 

(1.2375) 

0.0062 

(0.2008) 

0.0194 

(0.5005) 

 AR(5) 0.0237*** 

(5.5980) 

-0.9536*** 

(-12.7286) 

0.0613*** 

(2.5934) 

0.2425 

(1.1931) 

0.0385 

(0.7770) 

-0.0215 

(-0.7322) 

-0.0241 

(-0.6083) 

 AR(6) -0.0073 

(-1.3242) 

0.6582*** 

(11.4481) 

0.0275 

(1.2158) 

-0.3934*** 

(-3.5555) 

-0.0642 

(-1.3642) 

0.0368 

(1.2033) 

0.0099 

(0.2548) 

 AR(7) -0.0099* 

(-1.8769) 

0.0399 

(0.8048) 

-0.0002 

(-0.0080) 

0.0935** 

(2.0369) 

0.0428 

(0.9576) 

0.0203 

(0.7171) 

-0.0057 

(-0.1474) 

 AR(8) 0.0291*** 

(5.6214) 

0.1894*** 

(4.0964) 

0.0284* 

(1.7406) 

-0.0512 

(-0.9991) 

0.0429 

(1.0651) 

-0.0420 

(-1.4537) 

0.0212 

(0.5838) 

 AR(9) 0.0227*** 

(3.5326) 

-0.1474*** 

(-4.2556) 

0.0082 

(0.5601) 

0.0332 

(0.8116) 

-0.0320 

(-1.0522) 

0.0450** 

(2.0379) 

-0.0103 

(-0.3109) 

 AR(10) 0.0411*** 

(6.6992) 

0.0963*** 

(4.8816) 

0.0563*** 

(4.7268) 

0.0218 

(0.7759) 

0.0708*** 

(3.6027) 

0.0438* 

(1.9153) 

-0.0064 

(-0.3982) 

 MA(1) 0.6638*** 

(6.2892) 

-0.4818*** 

(-17.8653) 

0.4037*** 

(7.0097) 

0.1138 

(0.4180) 

-0.1097*** 

(-5.7337) 

0.9224*** 

(14.2265) 

-0.9548*** 

(-68.3982) 

 MA(2) 0.1619 

(1.6227) 

1.1145*** 

(29.1585) 

0.9029*** 

(18.6513) 

0.8506*** 

(6.0051) 

0.9701*** 

(51.1587) 

  

 MA(3)  0.9459*** 

(14.3033) 

 -0.3843* 

(-1.6452) 

   

 MA(4)  -0.3712*** 

(-9.8246) 

 -0.1746 

(-1.0965) 

   

 MA(5)  0.9269*** 

(35.0876) 

 -0.3493*** 

(-2.6646) 

   

 Constant 14.5961*** 

(45.6713) 

14.2946*** 

(10.3067) 

14.2116*** 

(5.6494) 

9.9815*** 

(4.0172) 

13.4911*** 

(9.8263) 

13.0497*** 

(14.0476) 

13.8059*** 

(8.7972) 
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Variance 

equation 

Constant 0.0452*** 

(74.3019) 

0.0788*** 

(10.7856) 

0.3373*** 

(25.6420) 

0.0618*** 

(17.6728) 

0.0230*** 

(11.6561) 

0.0886*** 

(9.0447) 

0.0360*** 

(12.1703) 

 ARCH 1.5584 0.0018 0.0256 0.3072 0.0014 1.8442 0.1886 

 GARCH 0.8440*** 

(932.3925) 

0.7311*** 

(50.8052) 

0.5723*** 

(55.0605) 

0.7229*** 

(85.8735) 

0.8600*** 

(129.0931) 

0.7980*** 

(65.1038) 

0.8361*** 

(121.7945) 

Model 

evaluation 

Adjusted R
2 

0.9732 0.9641 0.9559 0.9790 0.9666 0.9362 0.9765 

 F 145287.1391 5078.4315 8020.2546 12215.9100 6406.4779 2895.6557 16865.3023 

 AIC 3.2309 3.2357 3.5702 2.8011 3.1371 3.1646 2.9997 

 BIC 3.2340 3.2778 3.5947 2.8331 3.1749 3.2067 3.0227 

Note: The table shows the empirical results of ARMA-GARCH model regarding impacts of natural disasters on VIX under the total 

samples and sub samples of countries. ARMA equation parameters, GARCH equation parameters and model validity estimation 

results are reported in three different categories of "Mean equation", "Volatility equation" and "Model evaluation". In each cell, the 

first and second rows are the estimated parameters and the corresponding z-statistics, respectively.  * p<0.05, ** p<0.01, *** 

p<0.001. 
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Table 10-2 Results of the ARMAX-GARCH model 

Parameters  (8) 

United 

States 

(9) 

France 

(10) 

Netherlands 

(11) 

Russia 

(12) 

Canada 

(13) 

Switzerland 

(14) 

Brazil 

Mean 

equation 

DISAS 0.1140*** 

(4.4365) 

0.0907 

(0.8880) 

-0.0833 

(-0.3909) 

-0.0252 

(-0.0455) 

0.1418 

(0.9632) 

0.0544 

(0.4640) 

0.0409 

(0.2134) 

 AR(1) 0.2043 

(1.4418) 

0.3001*** 

(15.6488) 

0.5051 

(1.0691) 

1.1377*** 

(9.2578) 

0.3728* 

(1.9055) 

1.3260*** 

(3.6857) 

1.9059*** 

(52.7467) 

 AR(2) 0.3935*** 

(2.9805) 

0.5186*** 

(25.8961) 

0.3842 

(0.8633) 

-0.1677* 

(-1.8559) 

-0.1826* 

(-1.7529) 

-1.2251** 

(-2.1883) 

-0.8940*** 

(-14.0183) 

 AR(3) 0.4770*** 

(4.6687) 

0.5838*** 

(26.2379) 

-0.0031 

(-0.1316) 

-0.0125 

(-0.2063) 

0.6900*** 

(6.1460) 

0.6943 

(1.2261) 

-0.0623 

(-0.9851) 

 AR(4) -0.2128** 

(-1.9681) 

0.4550*** 

(19.3147) 

0.0220 

(1.2229) 

0.0550 

(1.1622) 

-0.0317 

(-0.1831) 

0.1206 

(0.3251) 

0.0368 

(0.6200) 

 AR(5) 0.0342** 

(2.3259) 

-0.8364*** 

(-38.1030) 

0.0637*** 

(3.0737) 

-0.0747 

(-1.4416) 

0.0066 

(0.1724) 

0.0477 

(1.0098) 

0.0532 

(0.9292) 

 AR(6) 0.0110 

(0.6981) 

0.0051 

(0.2250) 

-0.0278 

(-0.8843) 

0.0046 

(0.1098) 

-0.0196 

(-0.6505) 

-0.0629 

(-1.5838) 

-0.0544 

(-0.9065) 

 AR(7) 0.0025 

(0.1690) 

0.0036 

(0.1841) 

-0.0335 

(-1.0692) 

0.0365 

(0.9165) 

0.0142 

(0.4790) 

0.0532 

(1.3370) 

0.0159 

(0.3048) 

 AR(8) 0.0012 

(0.0872) 

-0.0360* 

(-1.9287) 

0.0122 

(0.6974) 

-0.0344 

(-0.8182) 

0.0086 

(0.3163) 

0.0003 

(0.0064) 

-0.0123 

(-0.2195) 

 AR(9) 0.0241* 

(1.9106) 

0.0013 

(0.0860) 

0.0244 

(1.2036) 

-0.0189 

(-0.3918) 

-0.0176 

(-0.7334) 

-0.0127 

(-0.4274) 

0.0144 

(0.2784) 

 AR(10) 0.0508*** 

(3.9125) 

0.0025 

(0.1643) 

0.0349* 

(1.8715) 

0.0648** 

(1.9901) 

0.0954*** 

(4.3575) 

0.0441** 

(2.1434) 

-0.0041 

(-0.1711) 

 MA(1) 0.6949*** 

(4.8794) 

0.6119*** 

(56.4374) 

0.4360 

(0.9198) 

-0.5729*** 

(-4.8594) 

0.4057** 

(2.0793) 

-0.3009 

(-0.8367) 

-0.9518*** 

(-44.7630) 

 MA(2) 0.2473 

(1.5762) 

0.0457*** 

(3.9796) 

 
 

0.6235*** 

(4.0184) 

0.8362*** 

(4.3643) 
 

 MA(3) -0.2528** 

(-2.1442) 

-0.5496*** 

(-46.2535) 

 
 

-0.1178 

(-0.6155) 

0.1999 

(0.5855) 
 

 MA(4)  -0.9424*** 

(-86.2036) 

 
    

 MA(5)        

 Constant 14.3841*** 

(10.1594) 

12.8665*** 

(6.8330) 

13.9459*** 

(10.6553) 

18.8958*** 

(7.7194) 

14.4147*** 

(21.5035) 

13.3773*** 

(9.1653) 

23.7279*** 

(7.4211) 
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Variance 

equation 

Constant 0.0887*** 

(26.4011) 

0.0684*** 

(13.4308) 

0.0486*** 

(13.0068) 

1.1370*** 

(8.3696) 

0.0876*** 

(10.3284) 

0.0339*** 

(13.8426) 

0.1528*** 

(8.1674) 

 ARCH 0.2356 0.2551 0.0688 0.1067 0.0009 1.2834 0.6586 

 GARCH 0.7566*** 

(131.4720) 

0.8010*** 

(109.5749) 

0.8070*** 

(134.6323) 

0.2730*** 

(6.5152) 

0.7884*** 

(62.9645) 

0.8075*** 

(106.9631) 

0.7782*** 

(55.8632) 

Model 

evaluation 

Adjusted R
2 

0.9642 0.9673 0.9786 0.9502 0.9273 0.9796 0.9540 

 F 15094.0124 10201.7771 20151.4035 2200.0226 2255.6804 18681.7402 3665.0071 

 AIC 3.0917 3.3606 3.2164 4.2499 3.0663 2.6191 3.7639 

 BIC 3.1088 3.3861 3.2379 4.3153 3.1114 2.6424 3.8100 

Note: The table shows the empirical results of ARMA-GARCH model regarding impacts of natural disasters on VIX under the total 

samples and sub samples of countries. ARMA equation parameters, GARCH equation parameters and model validity estimation 

results are reported in three different categories of "Mean equation", "Volatility equation" and "Model evaluation". In each cell, the 

first and second rows are the estimated parameters and the corresponding z-statistics, respectively.  * p<0.05, ** p<0.01, *** 

p<0.001. 
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Table11 ARMAX-GARCH model for different types of natural disasters 

Name Climatological Geophysical Hydrological Meteorological 

All_country 0.0380 

(0.4995) 

0.0879*** 

(3.1940) 

0.0414 

(1.2223) 

0.0790*** 

(3.5973) 

Australia -0.0699 

(-0.4153) 

 0.0339 

(0.2081) 

0.0339 

(0.2081) 

Japan -0.8372 

(-0.1511) 

-0.5940*** 

(-8.3452) 

-0.1579 

(-0.7595) 

-0.0301 

(-0.3377) 

Korea(Rep) 0.3009 

(0.5242) 

3.2696*** 

(59.1431) 

-0.1575 

(-0.4976) 

0.1943** 

(2.5050) 

India -0.1130 

(-0.0878) 

1.2408*** 

(5.3953) 

0.0470* 

(1.6508) 

0.0759 

(1.4885) 

United Kingdom   0.2054 

(0.4470) 

0.0429 

(0.0956) 

Germany  -0.0032 

(-0.0026) 

0.2306* 

(1.7701) 

0.1522 

(1.4772) 

United States 0.0967 

(1.0841) 

0.2376* 

(1.6703) 

0.0994 

(1.5776) 

0.0563* 

(1.8644) 

France 0.3040 

(0.5283) 

 0.1416 

(1.1309) 

0.0283 

(0.2523) 

Netherlands    -0.0343 

(-0.1721) 

Russia 1.3742 

(0.7716) 

 -0.4169 

(-0.9964) 

-0.2605 

(-0.0929) 

Canada -0.1841 

(-0.6012) 
 

0.0305 

(0.1370) 

0.4214 

(1.2263) 

Switzerland  0.3046 

(0.1525) 

-0.1032 

(-0.5811) 

0.1083 

(0.6519) 

Brazil 
  0.0620 

(0.3307) 

0.0660 

(0.0574) 

Note: This table gives the estimation results of ARMA GARCH model regarding the impact of differentnt 

types of natural disasters on VIX. In each cell, the first row is the estimated coefficient of DISAS for each 

sample country, the corresponding z-statistics are given in parentheses. * p<0.05, ** p<0.01, *** p<0.001. 
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Table 12 ARMAX-GARCH model for different types of countries  

Parameters  (1) (2) (3) 

Mean equation DISASVHD,t -0.3405*** 

(-10.7719) 

  

 DISASHD,t -0.1519 

(-0.6783) 

  

 DISASMD,t 0.0382 

(0.8159) 

  

 DISASLD,t 0.1288*** 

(6.3114) 

  

 DISASVLD,t 0.1201* 

(1.9306) 

  

 DISASHF,t 
 

0.0824*** 

(5.0007) 

 

 DISASLF,t 
 

0.0353 

(0.7968) 

 

 DISASHIP,t 
  

0.0827*** 

(4.954964) 

 DISASIP,t 
  

0.0484*** 

(1.178672) 

 AR(1) -0.6124*** 

(-289.3516) 

-0.6124*** 

(-287.9293) 

-0.6124*** 

(-288.3092) 

 AR(2) 0.6089*** 

(407.2791) 

0.6091*** 

(407.4081) 

0.6091*** 

(407.8092) 

 AR(3) 0.9752*** 

(477.4812) 

0.9750*** 

(473.0678) 

0.9751*** 

(473.7588) 

 MA(1) 1.5217*** 

(290.2607) 

1.5213*** 

(289.1417) 

1.5213*** 

(289.2480) 

 MA(2) 0.7919*** 

(91.4635) 

0.7913*** 

(91.5632) 

0.7914*** 

(91.57673) 

 MA(3) -0.2289*** 

(-26.3092) 

-0.2285*** 

(-26.4364) 

-0.2285*** 

(-26.43652) 

 MA(4) -0.1905*** 

(-25.7831) 

-0.1900*** 

(-25.8098) 

-0.1901*** 

(-25.80600) 

 MA(5) -0.1579*** 

(-18.3256) 

-0.1583*** 

(-18.5106) 

-0.1583*** 

(-18.51150) 

 MA(6) -0.1452*** -0.1461*** -0.1461*** 
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(-19.1167) (-19.3180) (-19.31800) 

 MA(7) -0.1598*** 

(-22.3183) 

-0.1612*** 

(-22.5416) 

-0.1611*** 

(-22.55494) 

 MA(8) -0.1424*** 

(-18.7643) 

-0.1436*** 

(-19.2899) 

-0.1436*** 

(-19.32081) 

 MA(9) -0.0729*** 

(-11.0069) 

-0.0733*** 

(-11.2078) 

-0.0733*** 

(-11.1979) 

 MA(10) -0.0106*** 

(-2.8836) 

-0.0105*** 

(-2.8644) 

-0.0104*** 

(-2.8471) 

 CONSTANT 13.9741*** 

(38.7205) 

13.9522*** 

(38.6093) 

13.9518*** 

(38.7382) 

Variance equation CONSTANT 0.0462*** 

(68.1568) 

0.0465*** 

(70.2026) 

0.0465*** 

(70.3413) 

 ARCH 0.2342 0.2392 0.2391 

 GARCH 0.8382*** 

(910.5103) 

0.8380*** 

(918.9817) 

0.8380*** 

(919.2658) 

Model evaluation Adjusted R
2 

0.9731 0.9731 0.9731 

 F 96547.4357 96562.2007 96562.2007 

 AIC 3.2268 3.2274 3.2274 

 BIC 3.2308 3.2308 3.2308 

Note: This table shows empirical results how the sensitivity of VIX to natural disasters is 

affected by the national financial market and disaster exposure level. ARMA equation 

parameters, GARCH equation parameters and model validity estimation results are reported 

in three different categories of "Mean equation", "V olatility equation" and "Model 

evaluation".      
VHD,t

,      HD,t ,DISAS
MD,t , DISAS

LD,t ,      VLD,t refer to whether 

natural disasters occur in case of the country with very high, high, medium, low and very low 

frequency of natural disasters, respectively.      
HF,t 

and      LF,t are exogenous dummy 

variables (seperately in case of the country with high and low level of financial development, 

respectively) indicating the occurrence of natural disasters. Similarly, DISASHIP,t, DISASLIP,t 

refer to whether natural disasters occur in case of the country with high and low level of 

insurance penetration, respectively. In each cell, the first and second rows are the estimated 

parameter value and the corresponding z-statistics, respectively. * p<0.05, ** p<0.01, *** 

p<0.001.  
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Table 13 Empirical results of the interaction effect between disaster vulnerability 

and national financial characteristics 

Parameters Private Credit  Insurance Penetration 

 (1)  (2)  (3)  (4) 

Mean equation HFs LFs HIPs LIPs 

DISASVHD,t 
-0.3398**** 

(-10.3606) \ 
-0.3129*** 

(-9.7489) \ 

DISASHD,t -0.1180 

(-0.5459) \ \ 
-0.0781 

(-0.3425) 

DISASMD,t \ 0.0569 

(0.9284) 
\ 

0.0480 

(0.9345) 

DISASLD,t 0.1308*** 

(6.2629) 

0.0455 

(0.2999) 

0.1275*** 

(5.7856) 

0.0720 

(0.5356) 

DISASVLD,t 0.1316** 

(2.2734) 

\ 0.0839 

(1.2082)  

0.1764 

(1.5587) 

Note: This table reports empirical results of the occurrence of natural disasters on VIX in the different conditions 

of the disaster vulnerability after dividing full sample according to national financial development, to analyze the 

impacts of interaction between financial development an disasters vulnerability. HFs, LFs, HIPs and LIPs 

represent the subsample including countries with high-level, low-level of financial development, high-level and 

low-penetration insurance market countries respectively. Numbers outside parentheses denote the coefficients of 

the estimated parameters, t-statistics inside parentheses. ***, ** and * stand for significance at 1%, 5% and 10% 

levels, respectively.  
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Table 14 Summary statistics of national characteristics  

Country WRI level FD level IP level 

Australia 4.41 low 61.4488 high 6.7725 high 

Japan 11.08 very high 147.1305 high 7.5941 high 

Korea 3.82 low 63.6766 high 10.5169 high 

India 6.83 midium 26.0227 low 2.5537 low 

United Kingdom 3.31 low 81.2075 high 11.6413 high 

Germany 2.42 very low 86.1844 high 4.987 high 

United States 3.42 low 126.7796 high 6.8943 high 

France 2.34 very low 66.0643 high 8.1565 high 

Netherlands 7.45 high 72.0525 high 6.2348 high 

Russian Federation 3.42 low 29.0021 low 1.3259 low 

Canada 2.63 very low 78.2711 high 5.4976 high 

Switzerland 2.23 very low 135.1319 high 7.1077 high 

Brazil 4.25 low 44.805 low 1.8815 low 

Note: This table describes the average annual vulnerability to disaster and financial development for each sample country in 

the sample period. “WRI”, “FD” and “IP” respectively represent vulnerability to disaster and financial development of each 

country expressed by the World Risk Index, Private Credit (the proposal of credit to private sector to GDP), and Insurance 

Penetration (total insurance premiums as a percentage of GDP).“ Level” refers to the specific grouping of corresponding 

characteristics of each country. 
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Table 15 GARCH-MIDAS modeling results for Full sample 

 
Name         1  2  m  

Fixed 

window 

Full 

sample 

2.9265*** 

(5450.6) 

0.8458*** 

(83.795) 

0.1469*** 

(18.937) 

-0.0401 

(-0.9172) 

14.627 

(0.5097) 

0.3759 

(1.0444) 

2.9265*** 

(5450.6) 

Rolling 

window 

Full 

sample 

2.9265*** 

(5386.2) 

0.8459*** 

(83.665) 

0.1469*** 

(18.926) 

-0.0386 

(-0.9017) 

13.901 

(0.5867) 

0.3754 

(1.0447) 

2.9265*** 

(5386.2) 

Note: This table shows the estimated results of GARCH-MIDAS model to test the long-term impact of natural disasters on 

VIX. “Fixed window” and “Rolling window” in table present the empirical results of models by the fixed window and 

rolling window estimation methods. Numbers outside parentheses denote the coefficients of the estimated parameters, 

t-statistics inside parentheses. ***, ** and * stand for significance at 1%, 5% and 10% levels, respectively. 
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Table 16 Results of the GARCH-MIDAS model (Fixed&Rolling-window) 

 Variable μ α β θ ω2 m LLF AIC BIC 

Fixe

d 

wind

ow 

Australia 2.6715*** 

(1264.8) 

0.8591*** 

(14.1770) 

0.0906** 

(2.4713) 

-0.0995 

(2.4713) 

5.5181** 

(1.9885) 

0.0985 

(1.0466) 

694.00 -1376.01 -1340.31 

Japan 3.1693*** 

(1953.5) 

0.7531*** 

(14.2250) 

0.2368*** 

(10.0500) 

-0.1333 

(-0.2286) 

13.4940 

(1.2861) 

0.2579 

(0.2294) 

906.69 -1801.38 -1762.99 

Korea 2.8952*** 

(1485.8) 

0.4645*** 

(11.3040) 

0.2290*** 

(8.2165) 

0.1011 

(0.1301) 

49.7870 

(0.2226) 

0.1993 

(0.1280) 

443.86 -875.73 -838.05 

India 2.7882*** 

(1498.3) 

0.9445*** 

(10.9800) 

0.0513 

(1.0569) 

1.1066 

(0.0564) 

1.3789 

(1.3457) 

-0.3077 

(-0.0564) 

839.04 -1666.07 -1630.77 

United 

Kingdom 

2.5667*** 

(840.55) 

0.8423*** 

(8.7723) 

0.0481 

(1.0899) 

-0.0934 

(-1.3148) 

2.9504 

(1.5015) 

0.0596 

(1.3557) 

604.77 -1197.54 -1163.45 

Germany 2.9016*** 

(1539.3) 

0.9423*** 

(12.9530) 

0.0467 

(1.4704) 

0.0394 

(0.1633) 

49.9550 

(0.1750) 

0.1982 

(0.1707) 

975.27 -1938.54 -1900.12 

United 

States 

2.7466*** 

(1478.9) 

0.8688*** 

(15.1480) 

0.1099*** 

(3.8365) 

-0.1262 

(-0.4857) 

11.163 

(1.0537) 

0.2547 

(0.4872) 

7.37 -2.74 38.62 

France 2.9749*** 

(1691.8) 

0.9194*** 

(34.0720) 

0.0784*** 

(2.7879) 

-0.4052 

(-0.1650) 

20.3950 

(0.3404) 

1.4040 

(0.1798) 

485.59 -959.17 -920.28 

Netherlan

ds 

2.8504*** 

(1306.5) 

0.8926*** 

(11.2170) 

0.0736*** 

(3.1391) 

-1.1543 

(-0.4800) 

1.9983*** 

(3.9664) 

0.1887 

(0.4823) 

150.40 -288.80 -249.90 

Russia 3.1666*** 

(1014.6) 

0.7806*** 

(7.5636) 

0.2088** 

(2.3759) 

-1.3393 

(-0.1895) 

2.1406 

(0.9604) 

0.3680 

(0.1889) 

423.08 -834.15 -803.29 

Canada 2.7044 

(0.00) 

0.6895 

(0.00) 

0.2985 

(0.00) 

-0.0231 

(0.00) 

25.503 

(0.00) 

0.2217 

(0.00) 

720.232 -1428.46 -1394.02 

Switzerlan

d 

2.7267*** 

(1692.5) 

0.9464*** 

(14.631) 

0.0236 

(0.9047) 

-0.3250 

(-0.4922) 

1.0038*** 

(54.871) 

0.1076 

(0.5026) 

1092.9 -2173.81 -2134.64 

Brazil 3.4532*** 

(1636.2) 

0.9625*** 

(10.213) 

0.0000 

(0.0000) 

-0.0536 

(-0.3904) 

5.7649* 

(1.8046) 

0.05811 

(0.4026) 

867.553 -1723.11 -1689.68 

Rolli

ng 

wind

ow 

Australia 2.6722*** 

(1269.2) 

0.8594*** 

(14.2950) 

0.0907** 

(2.4971) 

-0.0971 

(-0.9665) 

5.9816 

(1.9698) 

0.0983 

(1.0499) 

694.03 -1376.06 -1340.36 

Japan 3.17*** 

(1967.8) 

0.7478*** 

(14.2100) 

0.2431*** 

(10.8730) 

-0.1555 

(-0.2130) 

10.5590 

(1.2906) 

0.2820 

(0.2142) 

906.00 -1799.99 -1761.60 

Korea 2.8946*** 

(1503.4) 

0.7684*** 

(11.3650) 

0.2252*** 

(8.2232) 

0.1122 

(0.1291) 

49.9790 

(0.6444) 

0.2007 

(0.1272) 

444.04 -876.08 -838.41 

India 2.7847*** 

(1560.3) 

0.9135*** 

(10.6400) 

0.0828 

(1.6171) 

1.3625 

(0.0488) 

4.4527*** 

(3.0678) 

-0.5082 

(-0.0488) 

838.85 -1665.71 -1630.40 

United 

Kingdom 

2.5673*** 

(836.53) 

0.8420*** 

(8.7672) 

0.0477 

(1.0849) 

-0.0952 

(-1.3304) 

2.9017 

(1.5323) 

0.0597 

(1.3608) 

604.83 -1197.65 -1163.56 

Germany 2.901*** 

(1539.6) 

0.9440*** 

(13.034) 

0.0456 

(1.4176) 

-0.0155 

(-0.1091) 

11.53 

(0.0868) 

0.2169 

(0.1624) 

975.05 -1938.11 -1899.69 

United 

States 

2.7473*** 

(1473.8) 

0.8680*** 

(14.9530) 

0.1098*** 

(3.7895) 

-0.1236 

(-0.5091) 

25.7770 

(1.2428) 

0.2481 

(0.5081) 

8.59 -5.18 36.18 

France 2.9859*** 

(3262.8) 

0.7547*** 

(36.1960) 

0.2381*** 

(10.8540) 

1.7266 

(0.7251) 

8.7437*** 

(186.1500) 

-0.0168 

(-0.7255) 

404.88 -797.76 -758.87 

Netherlan

ds 

2.8502*** 

(1313.9) 

0.8926*** 

(11.2230) 

0.0736*** 

(3.1290) 

-1.1904 

(-0.4797) 

2.1003*** 

(4.0959) 

0.1912 

(0.4818) 

150.76 -289.51 -250.61 
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Russia 3.1674*** 

(1020.6) 

0.7994*** 

(7.4123) 

0.1868** 

(1.0706) 

-0.8512 

(-0.2363) 

2.0807 

(0.7038) 

0.2572 

(0.2366) 

422.43 -832.87 -802.00 

Canada 2.7041*** 

(1168.1) 

0.6881*** 

(11.49) 

0.2990*** 

(6.8005) 

-0.0764 

(-0.3938) 

49.355 

(0.0798) 

0.2181 

(0.3929) 

721.539 -1431.08 -1396.64 

Switzerlan

d 

2.7263*** 

(1696.6) 

0.9482*** 

(14.592) 

0.0219 

(0.8349) 

-0.3359 

(-0.4892) 

1.001*** 

(6.7556) 

0.1091 

(0.4987) 

1093.47 -2174.95 -2135.78 

Brazil 3.4518*** 

(1649.1) 

0.9655*** 

(10.333) 

0.0000 

(0.0000) 

-0.0655 

(-0.3624) 

5.4948* 

(1.832) 

0.0635 

(0.3731) 

867.245 -1722.49 -1689.06 

Note: This table reports results of the GARCH-MIDAS model after partitioning our sample into subsamples by 

countries. “Fixed window” and “Rolling window” in table present the empirical results of models by the fixed 

window and rolling window estimation methods. Figures outside parentheses denote the coefficients of the 

estimated parameters, t-statistics is indicated in the parentheses. ***, ** and * stand for significance at 1%, 5% 

and 10% levels, respectively. LLF is the value of the maximized log-likelihood function. AIC and BIC are the 

Akaike and Bayesian information criteria. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 53 

Table 17 Results of the GARCH-MIDAS model by geographical and institutional 

dimension (Fixed&Rolling-window) 

 Sub-s

ample 

μ α β θ ω2 m LLF AIC BIC 

Fixed 

window 
VHDs 2.9447*** 

(5049.1) 

0.8320*** 

(73.514) 

0.1620*** 

(18.703) 

-0.2980 

(-0.7852) 

39.2380* 

(1.8047) 

0.4390 

(0.7933) 

996.831 -1981.66 -1930.28 

HDs 2.9452*** 

(5062.3) 

0.8298*** 

(72.042) 

0.1640*** 

(18.634) 

0.5121 

(0.7794) 

49.7740 

(1.2602) 

0.4005 

(0.8331) 

990.374 -1968.75 -1917.36 

MDs 2.9452*** 

(4764.5) 

0.8313*** 

(72.993) 

0.1624*** 

(18.732) 

-0.0688 

(-0.7472) 

49.9210 

(0.4726) 

0.4031 

(0.8462) 

989.691 -1967.38 -1916.00 

LDs 2.8943*** 

(2823) 

0.7691*** 

(31.726) 

0.2197*** 

(14.579) 

-0.0570 

(-0.6868) 

1.0547 

(0.7766) 

0.2585 

(0.7162) 

-1577.27 3166.54 3213.79 

VLDs 2.8865*** 

(3852.9) 

0.9105*** 

(81.403) 

0.0871*** 

(9.3934) 

-0.4476 

(-0.2686) 

1.3168 

(0.8552) 

1.2541 

(0.3018) 

1598.76 -3185.52 -3139.2 

HFs 2.9035*** 

(5885.7) 

0.8470*** 

(104.7) 

0.1494*** 

(20.235) 

-0.1426 

(-0.7897) 

1.0883 

(1.0095) 

0.7736 

(0.8025) 

1534.27 -3056.55 -3004.65 

LFs 3.2644*** 

(1741.6) 

0.9585*** 

(16.248) 

0.01654 

(0.7155) 

-0.0291 

(-0.4560) 

49.993 

(0.3751) 

0.1337 

(0.4544) 

-189.087 390.174 430.233 

HIPs 2.8864*** 

(4943.9) 

0.8377*** 

(95.83) 

0.1583*** 

(19.576) 

-0.1047 

(-0.7570) 

48.987 

(1.1441) 

0.7357 

(0.7578) 

1039.46 -2066.91 -2016.52 

LIPs 2.9688*** 

(2571.5) 

0.8772*** 

(25.713) 

0.1064*** 

(9.1081) 

-0.0654 

(-0.5671) 

2.1305 

(0.7927) 

0.1769 

(0.5830) 

-576.575 1165.15 1210.91 

Rolling 

window 
VHDs 2.9447*** 

(5030.5) 

0.8315*** 

(73.345) 

0.1625*** 

(18.705) 

-0.2906 

(-0.7937) 

34.773 

(1.5799) 

0.4340 

(0.8023) 

996.312 -1980.62 -1929.24 

HDs 2.9451*** 

(5059) 

0.8301*** 

(72.194) 

0.1637*** 

(18.598) 

0.4370 

(0.7733) 

49.931 

(1.2763) 

0.4000 

(0.4022) 

990.032 -1968.06 -1916.68 

MDs 2.9452*** 

(4889.8) 

0.8320*** 

(73.176) 

0.1617*** 

(18.701) 

-0.0831 

(-0.7900) 

6.5652 

(1.0497) 

0.4016 

(0.8500) 

989.797 -1967.59 -1916.21 

LDs 2.8953*** 

(2649.9) 

0.7686*** 

(31.418) 

0.2206*** 

(14.365) 

-0.0267 

(-0.618) 

49.977 

(0.8425) 

0.2519 

(0.7049) 

-1578.6 3169.21 3216.46 

VLDs 2.8872*** 

(3680.5) 

0.9087*** 

(76.637) 

0.0887*** 

(9.4207) 

0.1694 

(0.3250) 

46.404 

(0.5388) 

1.0903 

(0.3030) 

1598.83 -3185.66 -3139.35 

HFs 2.9034*** 

(5712.9) 

0.8473*** 

(103.06) 

0.1491*** 

(20.183) 

-0.0749 

(-0.7545) 

49.427 

(1.1406) 

0.7698 

(0.7847) 

1532.93 -3053.86 -3001.97 

LFs 3.2586*** 

(1793.1) 

0.9470*** 

(17.963) 

0.0245 

(0.8902) 

0.0791 

(0.5483) 

10.765 

(1.3548) 

0.0857 

(0.5715) 

-184.455 380.91 420.97 

HIPs 2.8866*** 

(5061.6) 

0.8368*** 

(96.752) 

0.1591*** 

(19.716) 

-0.1177 

(-0.7273) 

1.0379 

(0.8755) 

0.7313 

(0.7710) 

1038.88 -2065.75 -2015.35 

LIPs 2.9688*** 

(2571.7) 

0.8778*** 

(25.717) 

0.1059*** 

(9.0565) 

-0.0674 

(-0.5680) 

2.4681 

(0.7949) 

0.1775 

(0.5827) 

-576.319 1164.64 1210.4 
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Note: This table reports results of the GARCH-MIDAS model after partitioning our sample into subsamples by geographical and institutional 

dimension. “Fixed window” and “Rolling window” in table present the empirical results of models by the fixed window and rolling window 

estimation methods. HFs, LFs, HIPs and LIPs represent the subsample including countries with high-level, low-level of financial development, 

high-level and low-penetration insurance market countries respectively. Figures outside parentheses denote the coefficients of the estimated 

parameters, t-statistics is indicated in the parentheses. ***, ** and * stand for significance at 1%, 5% and 10% levels, respectively. LLF is the 

value of the maximized log-likelihood function. AIC and BIC are the Akaike and Bayesian information criteria. 
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Table 18 Results of the PCSE model 

Parameters  (1) 

Full Sample 

(2) 

Sub-sample 

(3) 

Sub-sample 

(4) 

Sub-sample 

Mean 

equation 

DISAS 0.1284*** 

(3.76) 

   

 DISASVHD  0.2037 

(1.61) 

  

 DISASHD  -0.4483 

(-1.55) 

  

 DISASMD  -0.0764 

(-1.05) 

  

 DISASLD  0.1386*** 

(3.27) 

  

 DISASVLD  0.2659*** 

(2.77) 

  

 DISASHF   0.1593*** 

(4.20) 

 

 DISASLF   -0.0395 

(-0.52) 

 

 DISASHIP    0.1649*** 

(4.34) 

 DISASIP    -0.0137 

(-0.20) 

 CONSTANT 23.0532*** 

(36.28) 

23.0542*** 

(36.33) 

23.0554*** 

(36.18) 

23.0569*** 

(36.15) 

 Year Fixed Fixed Fixed Fixed 

 Country Fixed Fixed Fixed Fixed 

Note: This table shows results of panel corrected standard errors model (PCSE) after adopting 

the Beck-Kzta robust estimation dealt with heteroscedasticity and serial 

correlation.                                                   and            refer to whether 

natural disasters occur in case of the country with very high, high, medium, low and very low frequency 

of natural disasters, respectively.             and           are exogenous dummy variables 

(seperately in case of the country with high and low level of financial development, respectively) 

indicating the occurrence of natural disasters. Similarly, DISASHIP, DISASIP refer to whether natural 

disasters occur in case of the country with high and low level of insurance penetration, respectively. In 

each cell, the first and second rows are the estimated parameter value and the corresponding z-statistics, 

respectively.  * p<0.05, ** p<0.01, *** p<0.001. 
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Table 19 ARMAX-GARCH empirical results of the samples after screening disasters 

Parameters  (1) 

Full Sample 

(2) 

Sub-sample 

(3) 

Sub-sample 

(4) 

Sub-sample 

Mean equation DISAS 0.0909*** 

(3.3343) 

   

 DISASVHD  -0.9919*** 

(-19.4592) 

  

 DISASHD  0.5395 

(0.3868) 

  

 DISASMD  0.0717 

(0.7075) 

  

 DISASLD  0.1118** 

(2.3306) 

  

 DISASVLD  0.2554*** 

(3.5256) 

  

 DISASHF   0.1139*** 

(4.0654) 

 

 DISASLF   0.0295 

(0.2793) 

 

 DISASHIP    0.1107*** 

(3.9607) 

 DISASIP    0.0342 

(0.3249) 

 CONSTANT 11.7920*** 

(29.5254) 

12.6701*** 

(8.8262) 

11.7906*** 

(29.5178) 

11.7806*** 

(29.1937) 

Variance equation CONSTANT 0.0583*** 

(78.4161) 

0.0360*** 

(106.5825) 

0.0583*** 

(78.4109) 

0.0589*** 

(79.1819) 

 ARCH 0.6840 0.3432 0.6851 0.6974 

 GARCH 0.8161*** 

(823.2632) 

0.8260*** 

(874.2854) 

0.8161*** 

(822.9859) 

0.8149*** 

(820.3038) 

Model evaluation Adjusted R
2 

0.9679 0.9735 0.9679 0.9679 

 F 120605.9742 103893.9644 111325.0862 111371.6749 

 AIC 3.2909 3.0135 3.2909 3.2906 

 BIC 3.2940 3.0175 3.2942 3.2939 

 

 

 

 

 

 

 

 

 

 

 

Note: This table shows the empirical results of ARMA-GARCH model(1) concerning the effects of natural 

disaster on VIX after filtering natural disaster samples.                                            and            

refer to whether natural disasters occur in case of the country with very high, high, medium, low and very low frequency of 

natural disasters, respectively.             and           are exogenous dummy variables (seperately in case of the 

country with high and low level of financial development, respectively) indicating the occurrence of natural disasters. 

Similarly, DISASHIP, DISASIP refer to whether natural disasters occur in case of the country with high and low level of 

insurance penetration, respectively. In each cell, the first and second rows are the estimated parameter value and the 

corresponding z-statistics, respectively.  * p<0.05, ** p<0.01, *** p<0.001. 
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Table 20 ARMAX-GARCH empirical results of the samples after deleting the U.S. 

sample 

Paramet

ers 

 (1) 

Full 

Sample 

(2) 

Sub-sampl

e 

(3) 

Sub-sampl

e 

(4) 

Sub-sampl

e 

(5) 

Sub-sampl

e 

(6) 

Sub-sample 

Mean 

equation 

DISAS 0.3385* 

(1.8112) 

     

 DISASVHD  -0.3187*** 

(-9.4914) 

    

 DISASHD  -0.0524 

(-0.2487) 

    

 DISASMD  0.0391 

(1.0700) 

    

 DISASLD  0.1569*** 

(4.3584) 

    

 DISASVLD  0.1046* 

(1.8042) 

    

 DISASHF   0.0137 

(0.7129) 

   

 DISASLF   0.0324 

(1.3216) 

   

 DISASHIP    0.0216 

(1.1217) 

  

 DISASLIP    0.0239 

(0.9871) 

  

 DISASvHF     0.2268*** 

(11.3321) 

 

 DISASMF     0.0201 

(0.8584) 

 

 DISASvLF     0.0090 

(0.3517) 

 

 DISASHIP      0.0572*** 

(3.7633) 

 DISASMIP      0.0257 

(1.0633) 

 DISASLIP      -0.0140 

(-0.1284) 

 CONs 7.2018* 

(1.7666) 

7.5011* 

(1.8128) 

18.3954*** 

(11.2896) 

18.3999*** 

(11.2888) 

18.5343*** 

(11.7636) 

18.5611*** 

(11.9287) 

Variance 

equation 

CONs 0.0259*** 

(69.0455) 

0.0256*** 

(58.1590) 

0.0150*** 

(120.5205) 

0.0150*** 

(120.4359) 

0.0116*** 

(140.4490) 

0.0117*** 

(143.1592) 

 GARCH 0.8225*** 

(754.3595) 

0.8233*** 

(747.4085) 

0.8136*** 

(710.8390) 

0.8136*** 

(711.0465) 

0.8227*** 

(936.0230) 

0.8227*** 

(933.9204) 

Model 

evaluatio

n 

Adjusted 

R
2 

0.9717 0.9716 0.9708 0.9708 0.9738 0.9738 

 Q
2
(10) 7.2538 7.2492 10.132 10.139 11.362 11.334 

 ARCH 0.5095 0.4936 0.3442 0.3439 0.2710 0.2741 

 F 71808.3449 56674.5500 61536.0466 61536.0466 83970.9016 83970.9016 

 AIC 3.0806 3.0800 2.7647 2.7647 2.6977 2.6979 

 BIC 3.0822 3.0861 2.7703 2.7703 2.7021 2.7023 

Note: This table shows the empirical results of ARMA-GARCH model(1) concerning the effects of natural 

disaster on VIX after deleting the American samples.                                              and            
refer to whether natural disasters occur in case of the country with very high, high, medium, low and very low frequency of 

natural disasters, respectively.            and           are exogenous dummy variables (seperately in case of the country 

with high and low level of financial development, respectively) indicating the occurrence of natural disasters. Similarly, 

DISASHIP and DISASIP refer to whether natural disasters occur in case of the country with high and low level of insurance 

penetration, respectively. DISASVHF, DISASMF and DISASVLF are exogenous dummy variables (seperately in case of the 
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country with very high, medium and very low level of financial development, respectively) indicating the occurrence of 

natural disasters. Similarly, DISASVHIP, DISASMIP and DISASVLIP refer to whether natural disasters occur in case of the 

country with very high, medium and very low level of insurance penetration, respectively. In each cell, the first and second 

rows are the estimated parameter value and the corresponding z-statistics, respectively.  * p<0.05, ** p<0.01, *** p<0.001. 
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Table 21 ARMAX-GARCH empirical results of the samples without the financial crisis 
period 

Parameters  (1) 

Full Sample 

 

(2) 

Sub-sample 

(3) 

Sub-sample 

(4) 

Sub-sample 

Mean equation DISAS 0.0587*** 

(4.6757) 

   

 DISASVHD  -0.3236*** 

(-10.4950) 

  

 DISASHD  -0.1095 

(-0.3882) 

  

 DISASMD  0.0758* 

(1.6636) 

  

 DISASLD  0.1286*** 

(6.3521) 

  

 DISASVLD  0.1014* 

(1.6760) 

  

 DISASHF   0.0487*** 

(3.7558) 

 

 DISASLF   0.0875 

(1.5912) 

 

 DISASHIP    0.0469*** 

(3.6901) 

 DISASLIP    0.0904** 

(2.1250) 

 CONSTANT 12.7016*** 

(35.0070) 

 

13.8483*** 

(39.2487) 

12.3949*** 

(31.9584) 

12.2686*** 

(33.4166) 

Variance 

equation 

CONSTANT 0.0624*** 

(68.2884) 

0.0496*** 

(67.9077) 

0.0640*** 

(75.5559) 

0.0629*** 

(72.4245) 

 ARCH 0.6262 0.2075 0.7026 0.5707 

 GARCH 0.7992*** 

(626.9377) 

0.8270*** 

(788.1614) 

0.7963*** 

(670.3480) 

0.7983*** 

(663.9069) 

Model 

evaluation 

Adjusted R
2 

0.9651 0.9699 0.9651 0.9651 

 F 85835.1808 85822.9044 80155.7332 80022.6258 

 AIC 3.1836 3.1160 3.1828 3.1865 

 BIC 3.1874 3.1204 3.1868 3.1905 

Note: This table shows the empirical results of ARMA-GARCH model(1) concerning the effects 

of natural disaster on VIX during the sample period without the 2008 financial crisis. 
                                             and            refer to whether natural disasters occur in 

case of the country with very high, high, medium, low and very low frequency of natural disasters, 

respectively.             and           are exogenous dummy variables (seperately in case of the country 

with high and low level of financial development, respectively) indicating the occurrence of natural disasters. 

Similarly, DISASHIP, DISASIP refer to whether natural disasters occur in case of the country with high and 

low level of insurance penetration, respectively. In each cell, the first and second rows are the estimated 

parameter value and the corresponding z-statistics, respectively.  * p<0.05, ** p<0.01, *** p<0.001. 
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Table 22 ARMAX-GARCH empirical results for samples during the financial crisis 
period 

Parameters  (1) 

Full Sample 

(2) 

Sub-sample 

(3) 

Sub-sample 

(4) 

Sub-sample 

Mean equation DISAS -0.0413 

(-0.3040) 

   

 DISASVHD  -0.3035 

(-0.5316) 

  

 DISASHD  -0.2156 

(-0.3227) 

  

 DISASMD  -1.4652*** 

(-7.2289) 

  

 DISASLD  0.0066 

(0.0352) 

  

 DISASVLD  0.5142 

(1.1987) 

  

 DISASHF   0.0486 

(0.3316) 

 

 DISASLF   -1.3379*** 

(-6.1049) 

 

 DISASHIP    0.0421 

(0.2580) 

 DISASIP    -0.3288 

(-1.4809) 

 CONSTANT 24.7848*** 

(19.0641) 

24.8070*** 

(18.9906) 

25.0494*** 

(20.7867) 

23.2732*** 

(17.1486) 

Variance 

equation 

CONSTANT 0.1850*** 

(19.4758) 

0.1955*** 

(20.0558) 

0.1907*** 

(19.7217) 

0.1853*** 

(19.7772) 

 ARCH 0.0045 0.0125 0.0192 0.0093 

 GARCH 0.8198*** 

(113.3247) 

0.8189*** 

(102.3235) 

0.8250*** 

(102.9032) 

0.8157*** 

(112.6140) 

Model 

evaluation 

Adjusted R
2 

0.9513 0.9512 0.9513 0.9508 

 F 6347.1314 4922.7407 5925.0799 5862.3714 

 AIC 4.2386 4.2392 4.2408 4.2350 

 BIC 4.2655 4.2718 4.2691 4.2633 

Note: This table shows the empirical results of ARMA-GARCH model(1) concerning the effects 

of natural disaster on VIX during the 2008 financial crisis. 
                                            and            refer to whether natural disasters occur in 

case of the country with very high, high, medium, low and very low frequency of natural disasters, 

respectively.             and           are exogenous dummy variables (seperately in case of the 

country with high and low level of financial development, respectively) indicating the occurrence of natural 

disasters. Similarly, DISASHIP, DISASIP refer to whether natural disasters occur in case of the country with 

high and low level of insurance penetration, respectively. In each cell, the first and second rows are the 

estimated parameter value and the corresponding z-statistics, respectively.  * p<0.05, ** p<0.01, *** 

p<0.001. 
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Figures 

Note: This figure shows the economic losses in value of 2016 US$ caused by disasters between 1960 and 2016. 

The data source in the figure is from CRED EM-DAT database. 

   

      Fig.1 The estimated economic losses from natural disasters (CRED definition)  
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Note: This figure presents the distribution of four types of disasters in each country during the sample period.  

                 

                  Figure 2. Distribution of natural disasters in countries   
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Note: This figure draws changes in VIX NB during the event window [-6,10] around occurrences of natural 

disasters. 

 
Fig.3. Fluctuation of VIX around the disaster date. The figure depicts the average value of 

the ln(VIXt/ VIXt-1) around the event date(t=0).  
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