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Abstract
This study examines the extent to which Emerging Asian countries show resilience to large
external shocks. Its main objective is to estimate the impact of large-scale natural disasters
(LNDs). Recent large-scale natural disasters (LNDs) in four Emerging Asian countries: China,
India, Indonesia and the Philippines are examined. LNDs have a large negative impact on GDP
growth in India, Thailand and the Philippines, although the speed at which the impact wanes
differs, with a more persistent impact in the Philippines. Growth resilience to large external
shocks will be determined by economic systems and policy considerations. These analyses will
provide a useful reference to consider the impact of COVID-19 pandemic.
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1. Introduction
This paper examines the extent to which Emerging Asian countries show resilience to large
external shocks. The growth resilience to external shocks is estimated for four Emerging Asian
countries, namely, China, India, Indonesia and the Philippines. The analysis employs a
structural vector autoregression (SVAR) model, which is well suited to capture both the size
and the speed of the impact. The analysis is based on data from large-scale natural disasters
(LNDs) that the four countries have experienced in recent decades, as a sort of proxy variable
for large external shocks. Insights on the size and speed of external shocks are derived from
impulse response functions. Our empirical results show that LNDs have a negative impact on
real GDP growth in all four economies, although the speed at which the impact wanes is
different across countries. Furthermore, our estimates show that a prolonged external shock
stretching over several periods will lead to a more lasting effect on economic activity than a
single-hit scenario. Finally, the model is extended to a non-linear case by an Autoregressive
(AR) Markov regime-switching model, to examine the similar impacts.

Thorough knowledge of the underlying impact of the COVID-19 crisis on growth is of
particular importance for the region’s policy makers. Since the data on past pandemics are very
scarce, information on natural disasters can act as a reference for large external shocks. Though
economic analysis of natural disasters may supplement that of pandemics, results must be
interpreted with care due to differences between the two types of events.

2. Methodology and Data
2.1.

Assessing the Economic Costs of Large Exogenous Shocks of Natural Disasters

A review of the literature shows that there are several approaches to measuring the direct
and indirect costs of natural disasters and large-scale external shocks. Measuring resilience to
1
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external shocks is far from straightforward for several reasons. Defining and identifying
resilience poses challenges. In addition, gauging how countries will differ in their shock
absorption capacity must take into account a variety of parameters that pertain to countries’
economic structures. Moreover, large exogenous shocks tend to occur less frequently, thus
limiting the potential for comparative studies.

A large number of studies have assessed both the short-term and long-term economic
impact of large exogenous shocks of natural disasters. Numerous studies ascribe negative
growth to a natural disaster via various factors such as human capital and technology. For
instance, Noy and Nualsri (2007) show that a natural disaster that destroys human capital has
a negative impact on growth, while they do not find any statistically significant effect on output
with regard to natural disasters leading to a reduction in physical capital. Raddatz (2007), Noy
(2009) and Rasmussen (2004) also find that natural disasters can have short-term adverse
effects on the economy. Analysing a panel of countries simultaneously, they consider various
indicators for measuring the magnitude of a disaster. Their estimation shows that the costs of
natural disasters in direct damage are associated with a 0.5% to 3% decrease of the same-year
real GDP growth rate. Furthermore, some studies suggest that affected countries are relegated
to a lower growth path permanently (Hsiang and Jina, 2014). Growth appears to be more
sensitive to natural disasters in developing countries than in developed ones, with more sectors
affected and the effects larger and more economically meaningful (Loayza et al., 2012; Klomp
and Valckx, 2014).

Several studies explore the impact of natural disasters through case studies. In a
comparative cross-country event study, Cavallo et al. (2013) construct a counterfactual that
illustrates what would have happened to the path of GDP of the affected country had the natural
disaster not occurred. The results show that only very large disasters display an impact on GDP
growth in the affected countries in both the short and the long term. For instance, ten years
after the disaster, the average GDP per capita of the affected countries is 10% lower on average
than at the time of the disaster, whereas it would be approximately 18% higher in the
counterfactual scenario in which the disaster did not take place. For their part, Heger and
Neumayer (2019) identify the causal economic impacts of the 2004 Indian Ocean tsunami by
observing differences in economic activity between flooded districts/sub-districts and nonflooded districts/sub-districts in the Indonesian province of Aceh. The study provides
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compelling evidence that the tsunami depressed growth only in the first year following the
disaster, while the reconstruction effort boosted growth in subsequent years.

Another strand of literature emphasises the effects of natural disasters on economic growth
(Hallegatte and Dumas, 2009). For instance, Albala-Bertrand’s (1993) paper assessed the
impact of 28 natural disasters on 26 countries between 1969 and 1970. The author found that,
in most cases, GDP growth increases after a disaster, partly due to the replacement of the
destroyed capital by more efficient capital. Similarly, Skidmore and Toya (2002) count the
frequency of natural disasters over the 1960-90 period for each country and conduct an
empirical analysis of the correlation of this measure with average measures of economic
growth, physical and human capital accumulation, and total factor productivity. The results
show that a one-standard-deviation increase in climatic disasters, defined as “floods, cyclones,
hurricanes, ice storms, snow storms, tornadoes, typhoons, and storms” results in a 22.4%
increase in the average annual rate of economic growth. In addition, the empirical analysis
concludes that total factor productivity is the primary route through which disasters affect
growth. Fomby et al. (2013) bring an important contribution to this strand of literature by
showing that the timing of the growth response varies: negative effects tend to occur close to
the time of a disaster’s occurrence, while positive effects tend to materialise with some delay.
2.2.

Recent Attempts to Measure the Economic Costs of COVID-19

A growing number of studies are focusing on the specific impact of the COVID-19
pandemic on growth. Maliszewska et al. (2020) use a computable general equilibrium (CGE)
model to simulate the size of the negative impact of the pandemic on output and trade growth
in both advanced and developing economies. Their results indicated that GDP would decline
by 2% below the benchmark for the world, 2.5% for developing countries, and 1.8% for
advanced economies. In a time series-based framework, Caggiano et al. (2020) found a peak
negative response of world industrial production of about 1.6%, and a cumulative output loss
over one year of approximately 14%. Finally, Gupta et al. (2020) use a time-varying parameter
structural vector autoregressive (TVP-SVAR) model to analyse the dynamic impact of
uncertainty due to pandemics on output growth. The study considers the impact of the SARS,
avian flu, swine flu, MERS, Ebola, and COVID-19 on output growth in the United States and
advanced and emerging economies. The authors show that the negative effect of COVID-19
on the output growth rate in these economies is unparalleled, with only MERS causing a
3

comparable, albeit considerably smaller, deterioration of output growth. Furthermore, among
the three country groupings considered, emerging markets appear to be the worst hit in the
wake of COVID-19.

Several other modelling frameworks could be used to evaluate the impact of the COVID19 pandemic on growth, as discussed hereafter. Understanding how an epidemic develops once
it has emerged is primordial. Modelling epidemics is a classical problem in mathematical
biology and modelling methods are diverse. A widely used model in epidemiology is the ‘SIR’
model (Atkeson, 2020), where individuals can be classed in one of three groups: S, or healthy
and susceptible to infection; I, or infected and therefore capable of transmitting the disease;
and R, or recovered and immune, or deceased. Other models focus on the direct costs of
pandemics, including mortality risk and the costs faced by health care systems. To assess the
economic losses associated with mortality risk, several studies focus on the concept of “value
of a statistical life” (Viscusi, 2018; Kniesner and Viscusi, 2019). Other papers attempt to
estimate resource use and direct medical costs per infection (Xiao et al., 2004; Bartsch et al.,
2020). Furthermore, several studies specifically explore the impact of lockdown-type
restrictions on welfare (Keogh-Brown et al., 2009; Mesnard and Seabright, 2009; Barrett et al.,
2011; Fenichel et al., 2011; Fenichel, 2013). The COVID-19 pandemic will also have indirect
economic costs, such as lost productivity. Studies that aim to quantify the indirect costs of
pandemic outbreaks include, inter alia, work by Gupta et al. (2005) and Luh et al. (2018).

Several studies use a structural vector autoregressive method for assessing the impact of
external shocks due this method’s versatility (Bordo and Murshid, 2002; Canova, 2005;
Mackowiak, 2006; Ludvigson et al. 2020). The sectoral impact of external shocks can be
assessed by using input-output tables (Timmer et al., 2015). Another method widely used in
economic impact assessment is the event-study approach. While this methodology is typical in
the field of financial markets, several studies have used it for gauging the impact of pandemics
on various sectors (Chen at al., 2007).
2.3.

Analytical Framework

To estimate the macroeconomic impact of COVID-19 in Emerging Asian countries, we
examine a baseline framework, by the following p-lag vector autoregression (VAR) model, in
a similar vein as Ludvigson et al (2020) and Tanaka (2021):
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𝑝

𝑋𝑡 = ∑ 𝛽𝑖 𝑋𝑡−𝑖 + 𝜂𝑡
𝑖=1

𝛽𝑖 are 333 matrices containing estimation coefficients and 𝜂𝑡 is a 331 vector of error terms.
Denoting 𝑋𝑡 as a vector of three variables including, in this order, measurements of large-scale
natural disaster (𝐿𝑁𝐷𝑡 ), real economic growth (𝑔𝑡 ) and economic uncertainty inde3 (𝑈𝑡 ):
Large − scale natural disaster
LNDt
Real economic growth
Xt = [ gt ] = [
]
Ut
Economic uncertainty index
The reduced form innovations 𝜂𝑡 relate to mutually uncorrelated structural shocks 𝑒𝑡 by:
𝜂𝑡 = 𝐵𝑒𝑡 , 𝑒𝑡 𝑁 (0, Σ)
In this equation, Σ is a diagonal matri3 with the variance of the shocks, and diag(B) = 1. For
identification, B is assumed to be lower triangular. The covariance matri3 of VAR residuals is
orthogonalised using a Cholesky decomposition with the variables ordered as above, i.e. from
the most e3ogenous to the most endogenous. The resulting structural VAR (SVAR) has the
following structural moving average representation:
𝑋𝑡 = 𝜇 + 𝜓0 𝑒𝑡 + 𝜓1 𝑒𝑡−1 + 𝜓2 𝑒𝑡−2 + ⋯
with μ is deterministic or steady state value of 𝑋𝑡 . 𝜓𝑗 , 333 matrices including the standard
deviation of shocks. The impact effect of shock i is measured in the i-th diagonal entry of 𝜓𝑗 .
The dynamic responses of 𝑋𝑡+ℎ to one-time change in 𝑒𝑡 are summarized by 𝜓ℎ , matrices
that can be estimated directly from the VAR using Ordinary Least Squares (OLS).

2.4.

Data and Methodology

Macroeconomic data
Quarterly data on real economic activity2 are collected from the IMF's International
Financial Statistics database. The annual real GDP data come from the World Bank’s World
Development Indicators database, interpolated at quarterly frequency over a period of about
2
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six decades from 1960 to the last updated quarter.3 As a measure of economic uncertainty, we
use the quarterly Economic Policy Uncertainty Index (EPU) constructed by Baker, Bloom and
Davis (2016). The EPU spanning the period of 1960 Q1 to 2020 Q1 for all Southeast Asian
countries except Brunei Darussalam, for which data are not available.

Measuring large-scale natural disasters
Natural disasters are a common occurrence in Emerging Asia, often with a devastating
impact on lives and economies. The EM-DAT database from the Centre for Research on the
Epidemiology of Disasters records the nature, scope and costs of major disasters globally.
Monthly natural disaster data are collected from the Emergency Events Database. We use the
monetary costs (not the value of lives lost) of frequently occurring natural disasters in
Emerging Asia over the period Q1 1960 to Q1 2020 as a measure of natural disasters in units
of billions of US dollars. These are disasters such as earthquakes, landslides, floods, storms,
droughts, and results of volcanic activity.4 Quarterly data by country are obtained by summing
up the monthly damage costs of all such natural disasters. The resulting observations highlight
660 quarters with disasters, of which 164 occurred in the Philippines alone, 120 in China and
113 in India.5

The analysis focuses on disruptive natural disasters, i.e., large-scale natural disasters
coinciding with a drop in real GDP during the same quarter or the next one. Only four countries
experienced such events during the period studied are included in this study: 14 quarters in the
Philippines, 8 quarters in Thailand, 8 quarters in India and 4 quarters in China. Taking account
of annual economic growth, four natural disasters coincide with a decline in real GDP in
Myanmar, and only one in Cambodia and Indonesia. However, these countries are not included
in our empirical investigation, as we are focusing on countries with available quarterly data for
a longer period.
3. Large-Scale Natural Disasters in China, India, the Philippines and Thailand
Emerging Asia is prone to natural disasters. Major natural disasters in the region include
meteorological disasters such as storms, geophysical disasters such as earthquakes and volcanic

3
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activity, hydrological disasters such as flood and landslide, or climatological disasters such as
drought. The number of floods and storms has steadily increased in recent decades. The region
has suffered 57% of its natural disasters and 59% of its floods and storms in the last 20 years
of the seventy-year time period observed. Other extreme weather conditions such as droughts
and wildfires have also occurred more often in last 20 years. 52% of other disasters have also
occurred in the last 20 years (Figure 1). A clear increase in the trend of natural disasters
occurred in the late 1970s and another one in the late 1990s. Earthquakes, which are not
climate-related, have remained roughly on a similar level the whole period of observation.

Figure 1. Recorded Occurrences of Natural Disasters in Emerging Asia, 1950-2019
Flood

Storm

Earthquake

Others
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140
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100
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0

Note: Other disasters include drought, epidemics, volcanic activity, landslides, extreme temperature, insect
infestation, wildfire and mass movements (dry). Events are categorised as disasters if they meet at least one of
four criteria: 10 or more persons killed; 100 or more persons affected, injured, or left homeless; an appeal for
international assistance; or an official declaration of a state of emergency.
Source: CRED (2020)

Damage from natural disasters in Emerging Asia may take many forms. In addition to life
damage (death or injury), severe disasters also typically damage infrastructure, household
property and arable land. Tsunamis, earthquakes and other volcanic-activity derived disasters
are very common in the region, since the Emerging Asian region lies at the intersection of
multiple tectonic plates. While in general various natural disasters occur in the region,
frequency of each disaster type varies by country, depending on geographical characteristics.
Numerous large-scale natural disasters have hit China, India, the Philippines and Thailand over
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the past six decades. Table 1 provides some examples of typical large-scale natural disasters in
these countries.

Table 1. Examples of Large-Scale Natural Disasters
in Selected Emerging Asian Countries
Country
China

India

Philippines

Thailand

Starting
month
July 1976

Disaster type

Description

Earthquake

242 000 deaths, 164 000 injured.
Damage: USD 5.6 billion.

September
2011
October
1971
July 1979

Flood

1972-73
September
1984

Drought
Tropical cyclone

November
1990

Tropical cyclone

December
1990
August
2011
September
2013
January
2015

Drought

117 deaths. Damage: USD 4.25
billion.
9 658 deaths, two million homeless.
Damage: USD 30 million.
100 deaths. Damage: USD 100
million.
Damage: USD 100 million.
1 399 deaths, 2 565 injured, 547 076
homeless. Damage: USD 216.7
million.
503 killed, 1 274 injured, 1 110 020
homeless. Damage: USD 388.5
million.
Damage: USD 64 million.

Flood

813 deaths. Damage: USD 40 billion.

Flood

61 deaths. Damage: USD 482 million.

Tropical cyclone
Flood

Drought

Damage: USD 3.3 billion.

Source: EM-DAT database.

China experienced the Great Tangshan earthquake in July 1976 that occurred in
northeastern China. It is considered as one of the biggest catastrophic quakes in the country in
20th century. The earthquake and its aftershocks contributed to approximately 242 000 deaths
and more than 160 000 people being injured, with total damage of USD 5.6 billion, according
to the EM-DAT database. The disaster severely damaged infrastructure and agriculture. In
September 2011, riverine flood occurred in the country, causing 117 deaths and USD 4.25
billion in damage. The flood was caused by heavy downpours, which were preceded by a series
8

of abnormally heavy rainfalls and floods starting from June. It affected a number of provinces,
including Sichuan, Shaanxi, Henan, Chongqing, Hubei, Shandong, Shanxi and Gansu.

Cyclones and flooding are the main disaster threats faced by India. A very severe tropical
cyclone that struck Orissa (now Odisha) and surrounding states in October 1971 killed almost
10 000 people, left 2 million people homeless and caused damage of USD 30 million. The
disaster disrupted infrastructure including rail, road, electricity and communications. In July
1979, a low-pressure monsoon depression caused a flash flood of the Luni basin, following
several days of heavy rainfall. It took 100 lives and caused USD 100 million in damage. The
flood affected more than 1000 villages, damaging infrastructures and crops (Sharma, 1997).
Maharashtra faced a severe drought in 1972-73, which caused USD 100 million in damage
according to the EM-DAT database. It is considered one of the most severe droughts in the
history of Maharashtra state. Monsoon rainfall was 24% below average. The drought led to a
large shortage of food grains.
The Philippines’ position as an archipelago near an area of significant tectonic movement,
known as the Ring of Fire, makes the country prone to earthquakes, tropical weather systems
and volcanic eruptions. In September 1984, the Philippines suffered from a tropical cyclone
that killed 1 399 people, injured more than 2 500, left more than 540 000 people homeless and
caused USD 216.7 million in damage. The Surigao del Norte province was one of the most
affected by Typhoon Ike (known as Typhoon Nitang in the Philippines), together with several
other provinces. Typhoon Mike (Ruping) occurred in November 1990, killing more than 500
people, leaving more than 1 200 injured, approximately 1.1 million people homeless, and
causing USD 388.5 in damage. The typhoon went across several provinces including Samar
and Leyte, Cebu, and Negros, causing massive damage. A severe drought started in December
1990 and lasted until July 1992. The drought affected several areas, including Mindanao,
Central and Western Visayas and Cagayan Valley, and caused a 20% shortfall in Metro Manila
water supply.

Extreme precipitation events are relatively common in Thailand. The 2011 flood inundated
9.1% of the country’s total land area (Poaponsakorn and Meethom, 2013) and triggered
landslides, killing 813 people and causing approximately USD 40 billion in damage through
January 2012. The severe flood was caused by a series of irregular conditions: anomalously
high rainfall in the pre-monsoon season, especially during March; record-high soil moisture
9

content throughout the year; elevated sea level in the Gulf of Thailand, which constrained
drainage; and other water management factors (Promchote P. et al., 2016). Damaged areas were
dispersed in 69 provinces, with most damage and loss concentrated in the industrial estates and
residential areas of Bangkok, the adjacent provinces to the north and west of Bangkok, and the
farm areas in some provinces in the Lower Northern region and Central Plains (Poaponsakorn
and Meethom, 2013). In September 2013, the country faced another flood that killed 61 people
and caused USD 482 million in damage. Less than two years afterwards, a drought hit the
country, starting in January 2015 and lasting until May 2017, causing USD 3.3 billion in
damage. The drought was considered as one of the worst in decades and water rationing taking
place in almost a third of the country.

4. Empirical Results
4.1.

Examining Growth Resilience via Analysis of Impulse Response Functions

In this section, we examine the dynamic responses of real economic growth to a singleperiod shock of a magnitude of one standard deviation. Information on the size and speed of
the pass-through of external shocks on economic growth can be derived from impulse response
functions (IRFs). In other words, growth resilience could be interpreted as the magnitude and
speed of recovery in the aftermath of an external shock, as can be inferred from the analysis of
IRFs.
Our results point to a negative impact on real GDP growth in all countries following the
shock (Figure 2). Indeed, during the first quarter, the e3ogenous shock of LNDs would reduce
economic growth most severely in India, followed by Thailand (0.68%) and the Philippines
(0.58%). During the following quarter, a more significant negative effect is observed mainly in
China and India: during this period, the negative impact on real economic growth reaches 1.15%
in China and 0.91% in India. However, from the third quarter onwards, the impact becomes
statistically insignificant. In Thailand and China, the negative effect lasts only one period and
becomes statistically insignificant, while in India and the Philippines the effect on growth is
more persistent and lasts up to seven quarters.
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Figure 2. Response of Real Economic Growth to Large Scale Natural Disasters,
Innovation using Cholesky (d.f. adjusted) Factors (±2 S.E)
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Source: Author’s calculations.
Note: The dotted grey lines are the error bands (lower bound and upper bound) and the dark blue line in the middle
is the impulse response function.

4.2.

Analysing the Economic Effects of Large and Prolonged Shocks

We analyse the dynamic responses of the real economic growth of selected countries to
unexpected, large and prolonged shocks produced by large-scale natural disasters. This could
be a reference to capture the impact of the COVID-19 pandemic on economic activity in the
Emerging Asia region.
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The COVID-19 pandemic differs from historical disasters in several dimensions. First, the
magnitude of the economic damaged caused by the COVID-19 pandemic seems to be larger
than that of other past natural disasters. Second, the COVID-19 pandemic could be a multiperiod shock: a second wave has already materialised and the possibility of repeated waves
cannot be excluded. To explore these two features, we estimate multi-period shocks and large
shocks based on our SVAR models taken as baselines.
For two consecutive shocks of one standard deviation, the dynamic response of Xt+h6 is:
Ε[𝑋𝑡+ℎ |𝑒1𝑡 = 𝜎, 𝑒1𝑡−1 = 𝜎, 𝑋 𝑡 ] − Ε[𝑋𝑡+ℎ |𝑒1𝑡 = 0, 𝑒1𝑡−1 = 0; 𝑋 𝑡 ] = 𝜓ℎ + 𝜓ℎ+1
𝑋𝑡 contains all information in X at time t and at all lags. The left side of the equation denotes
the difference between the forecasted variables under and in the absence of a shock of one
standard deviation.
In what follows, we consider two scenarios: i) a single-hit scenario corresponding to a oneperiod shock (the results under this scenario are presented and discussed in the previous
section); and ii) a double-hit scenario in which the economy is hit by a two-period shock, the
first occurring during the first quarter and the second occurring in the third quarter following
the first shock. Since the model is linear, IRFs are linear in the size of shocks. Mention should
be made about the non-endogeneity of policy response to the first shock. Indeed, our results
highlight the sequence shocks impact on growth in the absence of policy responses.

Table 2 reports the dynamic responses of real economic growth in both a single-hit and
a double-hit scenario. It shows that a one-time shock of a magnitude of 103σ has a negative
impact on real economic growth of 7% in India, 5.3% in the Philippines, 3.6% in China and
2.7% in Thailand. Nevertheless, if the economy were hit by a two-period shock of the same
magnitude, the impact would be more disruptive in all countries. Growth would be reduced by
around 8.4 % in India, 6% in the Philippines and China, 4.2% in Thailand.

6

h is the horizon for which the impulse responses are computed.
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Table 2. Annual real economic growth response to large scale natural disaster shock
(average)
China
Shock size
1
5
10
15

-0.36%
-1.82%
-3.63%
-5.45%

1
5
10
15

-0.59%
-2.95%
-5.91%
-8.86%

India

Philippines
Single-hit scenario
-0.70%
-0.53%
-3.49%
-2.63%
-6.99%
-5.27%
-10.48%
-7.90%
Double-hit scenario
-0.84%
-0.58%
-4.19%
-2.91%
-8.38%
-5.81%
-12.56%
-8.72%

Thailand
-0.27%
-1.37%
-2.73%
-4.10%
-0.42%
-2.11%
-4.22%
-6.33%

Note: σ: Cholesky standard deviation.
Source: Authors calculations.

Two-period shocks affect the selected economies in an additional way. A second wave
of shocks will probably cause a second significant drop in output in the same quarter or the
next one, and it will lead to a more prolonged effect on economic activity (Figure 3). In the
case of a double-hit scenario, the negative effect of LND shocks on China’s economy will start
to fade from the fifth quarter following a disaster, rather than the third quarter in the case of a
single-hit scenario. Similarly, the impact of a two-time shock on India’s economic growth will
be disruptive during the entire current year. Concerning the Philippines, the impact of a second
shock will probably plunge the country into a more severe recession, lasting eight quarters
instead of six. 7 In Thailand, a double-hit shock will significantly push down the economic
growth during the four quarters of the current year, and its effect becomes statistically
insignificant from the beginning of next year.

7

Taking account of only statistically significant quarters.
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Figure 3. Multi-Period Impulse Responses for Selected Emerging Asian Economies
India

China

Quarters

Quarters

0.00%

0.00%
1

2

3

4

5

6

7

8

9

10

-0.10%

1

2

3

4

5

6

7

8

9

10

-0.20%
-0.20%
-0.30%

-0.40%

-0.40%
-0.60%
-0.50%
-0.80%

-0.60%
-0.70%

-1.00%

-0.80%
-1.20%

-0.90%
-1.00%

-1.40%
Single-hit scenario

Single-hit scenario

Double-hit scenario

Double-hit scenario

Thailand

Philippines

Quarters

Quarters

0.00%

0.00%
1

2

3

4

5

6

7

8

9

1

10

2

3

4

5

6

7

8

9

-0.10%

-0.10%

-0.20%
-0.20%
-0.30%
-0.30%
-0.40%
-0.40%

-0.50%

-0.50%

-0.60%

-0.60%

-0.70%

-0.70%

-0.80%
Single-hit scenario

Double-hit scenario

Single-hit scenario

Double-hit scenario

Source: Author’s calculations.

5. A Non-Linear Approach: The Regime-Switching Model
5.1.

Estimating Growth Using the Markov Switching Model

To account for potential non-linearities in the relationship between real economic growth
and LNDs, we estimate an Auto Regressive (AR) Markov regime-switching model for the
growth rate series. We introduce as an exogenous explanatory variable a dummy variable
taking value 1 when the 𝐿𝑁𝐷𝑡 ≠ 0 and zero otherwise. The AR Markov regime-switching
model of order 1 and two states takes the following form:
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𝑦𝑡 = {

𝛼 + 𝛼1 𝑦𝑡−1 + 𝛽 𝑑𝑢𝑚𝑚𝑦𝑡 + 𝜀𝑡 ,
𝛼 ′ + 𝛼1′ 𝑦𝑡−1 + 𝛽 ′ 𝑑𝑢𝑚𝑚𝑦𝑡 + 𝜀𝑡 ′ ,

𝑤ℎ𝑒𝑛 𝑠𝑡 = 0
𝑤ℎ𝑒𝑛 𝑠𝑡 = 1

Where 𝑦𝑡 denotes real economic growth, 𝛼1 < 1, 𝛼′1 < 1 and {𝜀𝑡 , 𝜀′𝑡 } are i.i.d. random variables
with mean zero and their respective variance {𝜎21 , 𝜎22 }. The AR(1) is a stationary process with
coefficients {𝛼, 𝛼1 , 𝛽} when𝑠𝑡 = 0, and it switches to another stationary AR(1) process with
different coefficients {𝛼′ , 𝛼′1 , 𝛽′ }when 𝑠𝑡 changes from 0 to 1. When the two sets of coefficients
are significantly different from one state to another, 𝑦𝑡 is then governed by two distributions
with distinct means, and 𝑠𝑡 determines the switching between these two distributions (regimes).
We assume that 𝑠𝑡 follows a first order Markov chain with the following transition matrix:

𝑃=[

𝑃(𝑆𝑡 = 0|𝑆𝑡−1 = 0) 𝑃(𝑆𝑡 = 1|𝑆𝑡−1 = 0)
𝑃
] = [ 00
𝑃10
𝑃(𝑆𝑡 = 0|𝑆𝑡−1 = 1) 𝑃(𝑆𝑡 = 1|𝑆𝑡−1 = 1)

𝑃01
]
𝑃11

The transition probabilities satisfy 𝑝𝑖0 + 𝑝𝑖1 = 1 for 𝑖 = 0,1.
We estimate the model employing a maximum likelihood technique assuming normally
distributed errors and using the Broyden-Fletcher-Goldfarb-Shanno (BFGS) algorithm.

5.2.

Results from Applying the Markov Model

Table 3 reports the outputs for Markov-switching regression. Two regimes of the Markov
switching models are considered in this study. A Marquardt step is used to estimate the
parameters of an unobserved state. The findings emphasise the presence of two distinct regimes:
a regime characterised by a high negative impact of LNDs, and a low autoregressive coefficient.
In the second regime, the negative effect of a LND is small, while the autoregressive parameter
is significantly close to 1. Consequently, the negative effect of LNDs on economic growth in
the contraction period is greater, while this effect during the expansion period is either small
or non-significant.

During contraction periods, the negative impact of LNDs (dummyt=1) on growth is around
0.12 in China and 0.11 in Thailand. In the Philippines, the effect of LNDs on growth is negative
in both regimes but non-significant. Due to lack of non-interpolated data, India is excluded. In
15

fact, original quarterly economic growth series are only available from 2005 while the
associated LNDS took place before 1980.

Table 3. Markov Switching Regression Results
Number of states: 2
Method: Markov Switching Regression (BFGS / Marquardt steps)
Initial probabilities obtained from ergodic solution
Huber-White robust standard errors and covariance

Regime 0
China
Philippines
Thailand

dummyt
-0.12***
[0.02024]
-0.04
[0.034292]
-0.11**
[0.034403]

Regime 1

AR(1)
-0.15
[0.72569]
0.74***
[0.07227]
0.24
[0.145515]

dummyt
-0.00
[0.00650]
-0.01
[0.010896]
-0.00
[0.007275]

Included
observations

AR(1)
0.97***
[0.18154]
0.87***
[0.103078]
0.98***
[0.055441]

160
144
234

Note: Standard errors appear in parentheses.
***
Significant at 1% level
**
Significant at 5% level
*
Significant at 10% level
Convergence achieved
Source: Authors’ calculations.

These results highlight the same shock persistence on growth as when using the SVAR
approach. Indeed, the transition probability (Table 4) in China for switching from regime 0 to
regime 1 is higher than the transition probabilities from regime 1 to regime 0. This means that
the economic recovery takes place rapidly, with an expected duration of one quarter in regime
0 and 14 quarters in regime 1. Then, the second regime of expansion periods is more prevalent
than the first regime corresponding to low economic growth.

The same conclusion is observed in the case of Thailand. However, the probability of
switching from low economic growth to recovery is smaller compared to the same for China.
The expected duration in crisis regime is six quarters against only one quarter for China.
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Table 4. Transition Probabilities and Expected Duration
p00
p01
p10
p11
Constant expected duration
Regime 0
Regime 1

China
0.00
1.00
0.07
0.93

Philippines
0.96
0.04
0.06
0.94

Thailand
0.94
0.06
0.17
0.83

1.00
14.05

25.90
14.76

6.00
15.88

Source: Authors’ calculations.

6. Conclusion
In this paper, we provide empirical evidence on impact of external shocks on the growth
resilience of four Emerging Asian economies: China, India, the Philippines and Thailand. The
analysis is performed using a structural vector autoregressive (SVAR) approach. Information
on the size and speed of the impact of external shocks on growth resilience is derived from
impulse response functions.

According to our results, large-scale natural disasters have a negative impact on real GDP
growth in all four countries. LNDs have a large negative impact on GDP growth in India,
Thailand and the Philippines, although the speed at which the impact wanes differs, with a
more persistent impact in the Philippines. Growth resilience to large external shocks will be
determined by economic systems and policy considerations. In addition, our estimates show
that a prolonged external shock that stretches over several periods will lead to a more lasting
effect on economic activity than a single-hit scenario. In addition, the model is extended to a
non-linear case by an Auto Regressive (AR) Markov regime-switching model, to examine the
similar impacts.

While the results derived in this paper need to be interpreted with necessary caution, this
analysis could provide a reference on assessment of the impact of the COVID-19 shock on
growth.
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