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1. Introduction
As the frequency, intensity, and scale of natural hazard-related disasters increase
over time, it is important to have in-depth knowledge of how this affects globalisation
(Tembata and Takeuchi, 2019), ‘Disaster response plays a critical role in determining
global market entry, survival, and exit of firms (Barthel and Neumayer, 2012), ‘Whilst
economic losses from the coronavirus disease (COVID-19) have been a wake-up call for
improving business resilience, global value chains remain unprepared for natural hazardrelated, disaster-induced shocks (IMF, 2020; McKinsey Global Institute, 2020), ‘
Flooding risks determine firms’ ability to, for instance, engage in global activities
through trade, foreign investment, and research and development (R&D) (Surminski and
Tanner, 2016), ‘Firms can decide to continue or cease operations in the aftermath of
disasters, posing systemic risks to the global financial system (Mandel et al., 2020),
‘Firms in developing countries are worst hit and suffer the greatest disaster losses
(Stéphane Hallegatte et al., 2016; Loayza et al., 2012; Raddatz, 2009), ‘This has
significant implications for Association of Southeast Asian Nations (ASEAN) Member
States (AMSs), where firms play a central role in an economy’s globalisation process and
total traded goods account for 93% of the region’s gross domestic product (GDP)
(Tembata and Takeuchi, 2019).
Flooding is the most frequent occurring disaster in AMSs, causing highest
damages and economic losses (Tembata and Takeuchi, 2019), ‘Indonesia remains
particularly vulnerable due to increases in future flood risk (Winsemius et al., 2016) and
development trajectories (Hiles, 2010), ‘Flooding causes significant economic losses,
accounting for 99.3% of losses from all natural hazard-related damages between 2002–
16 (Ishiwata et al., 2020), ‘Losses at the provincial level can account for 45% of GDP,
with majority losses in industrial infrastructure damage (Global Facility for Disaster
Reduction and Recovery, 2019), ‘Flooding also results in a high number of casualties,
with flooding accounting for the highest numbers out of all the other natural hazardrelated disasters in Indonesia from 2015–16 (BPS, 2017), ‘Even though the majority of
infrastructure is owned by firms, investment in adaptation remains low (P. Pauw and
Pegels, 2013), ‘Impacts can persist, with firms taking years to recover (Cole et al., 2019),
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‘Importantly, natural hazard-related disasters can jeopardise international trade and
investment gains made in Indonesia, which include reduced wage inequality, increased
labour absorption, women’s participation in labour markets (Verico and Pangestu, 2020),
and technological progress in the manufacturing sector (Kuncoro, 2012), ‘Thus, disasters
may have negative repercussions for sustainable development objectives. To this end, this
paper will study market entry, survival, and exit of firms in the aftermath of natural
hazard-related disasters by answering the following research questions:

1. How does flooding impact the process of global market entry, survival, and exit of
manufacturing plants?
2. What characteristics determine the continuation of global activities of manufacturing
plants in the aftermath of flooding?
3. How do the long-term recovery pathways of manufacturing plants impact the
achievement of sustainable development objectives?
There are four objectives driving the research questions. First, whilst there is
growing literature considering the impacts of globalisation (Verico and Pangestu, 2020;
Wagner, 2013) and natural hazard-related disasters (Cole et al., 2019; Elliott et al., 2019;
Neise and Diez, 2019) on firm behaviour, there have been limited attempts to link these
together. Traditional globalisation models may be simplistic for the purpose of explaining
firms’ market entry decisions and subsequent survival. Disaster shocks can affect firm
economic performance and competitiveness, leading to long-term restructuring of the
entire industry. Moreover, natural hazard-related disasters can have unintended
consequences on other sustainable development goals (SDGs) (Echendu, 2020),
rendering lessons for gender equality (Yumarni and Amaratunga, 2015), as well as energy
policy (IDB, 2020) and environmental safeguards1 (Van Veen-Groot and Nijkamp, 1999).
Second, Battisti and Deakins (2017) suggested empirical analysis can contribute
to theory development, given that plant-level data are infrequently used to make
interdisciplinary connections across the disaster resilience and industrial organisation
Environmental safeguards in this context refer to policies to mitigate the detrimental environmental
impacts of global trade. This can include the activities of global firms, as well as supply chains and
transport infrastructure (ADB, 2020).
1

2

literature. This is particularly true for developing countries such as Indonesia. Focusing
on manufacturing plants provides an apt case study, given their significance to the
Indonesian economy (Neise and Diez, 2019), high economic losses, and exposure to
disasters (Budiyono et al., 2016), ‘Moreover, plant-level data are superior to firm-level
data due to their direct link to production, employment, and global value chains.
Third, there is debate within the empirical literature on the effects of disasters on
firm economic performance. For instance, the widely known process of market entry may
be longer and varied in the context of natural hazard-related disasters (Elliott et al., 2019),
‘Moreover, studies in manufacturing remain limited (Liu et al., 2013), ‘It is hoped that
studying performance, alongside persistence of effects, will overcome ambiguity in
evidence and give insights into longer-term recovery pathways.
Finally, investigating firm heterogeneity renders policy lessons for continuation
of foreign direct investment (FDI)-led activities (Ambrosini et al., 2009), ‘For instance,
various pre-entry determinants are likely related to plant survival and exit in the aftermath
of disasters. In the wake of COVID-19, the extent of damages to firms from economic
shocks is evident (Sumner et al., 2020), ‘However, the distribution of losses, especially
in the case of disaster-induced shocks, is unknown. To this end, results will help firms,
governments, and investors devise appropriate policies as part of a broader globalisation
and disaster adaptation strategy.

2. Literature Review
Literature gaps are identified in three specific areas, which are addressed in this paper.
2.1. The effect of natural hazard-related disasters on firm global market entry,
survival, and exit is unclear.
Globally, economic losses from natural hazard-related disasters account for
US$150–200 billion annual damage (Surminski and Tanner, 2016), ‘The extent to which
disasters arising from natural hazards, such as flooding events, affect international supply
chains has been witnessed in the 2011 Thailand floods, which led to a global shortage in
computer components and caused the highest number of losses in the manufacturing
sector (Anuchitworawong and Thampanishvong, 2015; Chongvilaivan, 2012; Davis and
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Alexander, 2015; Pathak and Ahmad, 2016; Tembata and Takeuchi, 2019), ‘In Indonesia,
flooding costs approximately US$430 million in losses annually (ADB, 2016), ‘Mandel
et al. (2020) listed Indonesia amongst the top 10 countries in terms of total financial loss
from flooding. Accounting for domestic impact and global propagation to financial
networks, river flooding in Indonesia alone has had an impact of 3.8% basis points
(0.01%) of world GDP. This is expected to increase to 8.6% by 2080 without adaptation.
Despite these estimations, it is unclear how losses are manifested at the micro level and
impact global market connectivity.
Moreover, emphasis on firms is lacking (Battisti and Deakins, 2017; Liu et al.,
2013; Zhang et al., 2009), ‘This evidence is critical in Indonesia given that manufacturing
firms are the backbone of its globalisation process (Neise and Diez, 2019), ‘There are
strong firm incentives to operate efficiently, recover quickly, and maintain survival (Rose,
2016), ‘However, existing evidence is conflicting.
Firms’ market entry, survival, and exit depends on pre-existing international
market and trade connectivity. For example, in the case of damaged transport routes, firms
with limited suppliers have higher probability of impact (Hallegatte, Bangalore, and
Jouanjean, 2016), ‘Damages to plants providing key input can cause sector-wide
production shocks (Barrot and Sauvagnat, 2016), ‘There are numerous studies
investigating the impacts of natural hazard-related disasters on exports (Chongvilaivan,
2012; Elliott et al., 2019; Miyakawa et al., 2016; Tembata and Takeuchi, 2019), FDI
(Anuchitworawong and Thampanishvong, 2015; Cole et al., 2017), and global supply
chains (Altay and Ramirez, 2010; Basker and Miranda, 2018; Chongvilaivan, 2012;
Hamaguchi, 2013; Thorbecke, 2016).
Elliott et al. (2019) noted a divergence in terms of foreign and domestic linkages.
They found that domestic sales fall more significantly than foreign exports after a disaster.
This is attributed to damaged local infrastructure and reduced domestic demand.
Therefore, firms with foreign sales are less vulnerable to disasters. Moreover, there is an
increase in exports post-disaster, which may be due to a shift in customer base (to
undamaged local competitors) or a strategy to mitigate future risk. Conversely, there is a
decrease in imports in the aftermath of a disaster, attributed to damaged transport links.
Firms importing supplies are most affected, since locally sourced firms maintained their
inputs post-disaster. Reduction in imports is consistent with other studies in the literature
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(Gassebner et al., 2010; Oh and Reuveny, 2010), ‘Nonetheless, Tembata and Takeuchi’s
2019 analysis of flooding impacts on agricultural and manufacturing exports in Southeast
Asia demonstrates a 3%–5% immediate decline in exports, followed by persistent annual
loss of 2% of export values on average. This is consistent with other estimated export
declines in the aftermath of flooding (Hadri et al., 2017), ‘
Moreover, in a study of manufacturing plant survival in Germany, Wagner (2013)
demonstrated that, whilst exporters are more likely to survive, this was in combination
with other characteristics like importing materials. Thus, characteristics must be viewed
in tandem with each other. Regardless of impacts to business premises, exports can also
be affected due to reliance on critical infrastructure damage. For example, Miyakawa et
al. (2016) found that, in the case of both damaged and undamaged firms in the aftermath
of an earthquake, those transacting via a damaged bank were less likely to expand export
destinations and had lower export-to-sales ratio, posing financial constraints.
Another indicator of international market linkage is the difference between
foreign and domestic firm ownership. This indicator has not been studied in the context
of natural hazard-related disasters but is expected to have economic divergence as per
Brandt, Van Biesebroeck, and Zhang (2012) and Brucal, Javorcik, and Love (2019), ‘Even
though foreign-owned plants may perform better than other flooded plants, flooding may
have long-run negative effects. For example, Anuchitworawong and Thampanishvong
(2015) found that foreign ownership leads to quicker recovery, but frequent disaster
exposure reduces long-run FDI in Thailand. This has notable repercussions for
sustainable objectives, as they found a positive relationship with FDI flows and economic
development.
Finally, Basker and Miranda (2018) found that being part of a large supply chain
minimised economic impact and expedites recovery. The interdependency of firms
through supply chains is evident in the recent supply chain shocks resulting from COVID19 (Ivanov and Dolgui, 2020), ‘It has also been explored in the context of AMSs, as seen
in the case of Thailand’s 2011 floods, where Chongvilaivan (2012) highlighted the need
for greater supply chain flexibility in view of just-in-time procurement channels and
dependence on single suppliers. This has global ramifications, given that 70% of AMS
exports go outside of the ASEAN region (Tembata and Takeuchi, 2019), ‘Specifically,
50% of Indonesian exports are from the manufacturing sector, which is studied in this
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paper.’ (Rodríguez-Pose et al., 2013)
Impact on international connectivity is based on numerous firm characteristics
such as average number of suppliers, degree of complementarity, shape and structure of
the industry (Henriet et al., 2012), and position in the supply chain (Altay and Ramirez,
2010; Hanger et al., 2018; Strobl, 2019), ‘For example, firms may have greater resilience
due to their ability to find new customers or capture market share (Henriet et al., 2012),
‘Conversely, firms may experience contagion effects (ADB, 2016; Hiles, 2010; Rose,
2016), or cascading interdependencies, when multiple firms are hit by the same disaster.
To this end, plant-level data in this paper enable analysis of direct employment and
production impact on supply chains. Moreover, this paper is different from studies like
Hu et al. (2019), who considered a closed economy model. The first research question
will address these controversies related to global market performance.
2.2. The extent to which natural hazard-related disasters affect continuation of
global activities depends on firm characteristics. Whilst both have been studied
independently, no explicit links have been made.
Firm resilience, or the ability to cope with disasters, is a factor of hazard, exposure,
and vulnerability (Rose, 2016), ‘Asset losses are significant, but it is hard to estimate how
they translate to income losses (Hallegatte et al., 2016), ‘Welfare losses are greater,
possibly through employment or future income streams (Hallegatte, 2008), ‘Moreover,
indirect losses can exceed direct losses at the country level, especially when the country
has low levels of economic resilience (PreventionWeb, 2015).
This paper will consider the vulnerability of firms, given a certain level of hazard
and exposure (type of disaster as well as industry and location), ‘Thus, losses are not only
dependent on production capacity but on firms’ vulnerability. For floods, this includes
infrastructure quality, asset composition, insurance penetration, and ability to replace
capital (Coelli and Manasse, 2014; Hallegatte et al., 2016), ‘
Factors like location (Scor SE, 2013), industry (Altay and Ramirez, 2010; Mandel
et al., 2020), firm size (Craioveanu and Terrell, 2016) and supply chain linkages (Basker
and Miranda, 2018) can determine recovery tactics employed by plants, like import
substitution or management effectiveness (Dormady et al., 2019), ‘Some firm-level
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studies find negative economic performance after disasters in the manufacturing industry
(Altay and Ramirez, 2010; Elliott et al., 2019), particularly when lost capital is not
replaced (Hu et al., 2019), ‘Recovery tactics in turn affect the overall recovery time, which
has been found to be between 1 to 7 years, depending on disaster type, impact mechanism,
and firm heterogeneity (Cole et al., 2019; Elliott et al., 2019), ‘A similar short-term lag
of 1 to 2 years has been found in entrepreneurship and start-up activity in the aftermath
of natural hazard-related disasters in low-middle-income countries (Boudreaux et al.,
2019), ‘
However, others indicate asset damage can lead to Schumpeterian creative
destruction (Leiter et al., 2009), building on the seminal work of Dacy and Kunreuther
(1969) who found positive GDP growth in the immediate aftermath of natural disasters.
This is due to positive ‘build back effects’, a period of reconstruction during which firms
undertake capital stock replacement, technology adoption, and human capital investment,
and create resilient infrastructure (Battisti and Deakins, 2017; Hu et al., 2019; Skidmore
and Toya, 2002), ‘Thus, post-disaster environments can be viewed as transient advantage
economies (Battisti and Deakins, 2017; McGrath, 2013), ‘However, Crespo Cuaresma,
Hlouskova, and Obersteiner (2008) showed that this form of creative destruction is
limited in developing countries.
Firm characteristics and the channels through which disasters impact firms will
be studied to gauge impact on global market activities.

2.3. Whilst the persistence of economic shocks has been explored, evidence is nascent
for firm recovery pathways in the aftermath of disasters. This can have
unintended consequences to sustainable development objectives.
The period of business interruption ‘begins at the point of the shock and continues
until the economy has recovered’ (Rose, 2009), ‘Business interruption has been
extensively studied for economic shocks at the firm level, evidenced in the case of oil
(Kilian and Park, 2009), ‘However, evidence for natural hazard-related disasters remains
sparse, predominantly due to lack of quantification (PreventionWeb, 2015),
‘Macroeconomically, Hallegatte (2008) found that, after US$50 billion losses, the
reconstruction period extends, and indirect losses increase significantly. There is also low
7

consensus on longevity of effects. Recovery time has been found to be between 1 to 7
years, depending on hazard type and firm heterogeneity (Cole et al., 2019; Elliott et al.,
2019), ‘Recovery pathways also depend on the types of shocks experienced. For instance,
a capital shock can make sourcing inputs expensive post-disaster. This may lead to
industry reconfiguration from foreign to domestic firm domination, as found by Kato and
Okubo (2018), ‘Dynamic resilience can be studied by considering attributes (inherent
resilience) and activities (adaptive resilience) which dampen business interruption (Rose,
2009), ‘Firms can take different recovery paths, as seen in Figure 1.

Figure 1. Resilience in Firm Recovery

Source: Dormady et al., 2019; Holling, 1973.

Here, production level B is immediately reduced to C or D after a disaster.
Recovery may then be to original output (B’) or below pre-disaster output (C’), ‘Whilst
no single theory exists, Dormady, Roa-Henriquez, and Rose (2019) noted that it is
important to study reduction in flows of goods and services as opposed to stock damage.
Empirically, Coelli and Manasse (2014) demonstrated build-back effects, a period
of reconstruction during which firms undertake capital stock replacement and human
capital investment, leading to short-term growth (Battisti and Deakins, 2017; Hu et al.,
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2019; Skidmore and Toya, 2002), ‘Conversely, Hu et al.’s 2019 results indicate lagged
effects 2 years after a flood, which account for 5.4% of additional losses at the plant level.
However, evidence may be rooted in survival bias, as the weakest plants exit the market
following a disaster. The most competitive plants could dominate the industry
subsequently (Cole et al., 2008), ‘Given these contradictions in the literature, firm
recovery pathways can have unintended consequences for development objectives.
For instance, there may be interactions between globalisation, gender, and
disasters. Verico and Pangestu (2020) found that globalisation has increased female
workforce participation, contributed to poverty alleviation, and reduced wage inequality
in Indonesia. This progress could be compromised in the wake of disasters. Natural
hazard-related disasters disproportionately impact women (Atela et al., 2018; Echendu,
2020; Yumarni and Amaratunga, 2015), ‘As per Atela, Gannon, and Crick (2018),
sociocultural orientations around gender roles mean female-led firms continue to face
more barriers when building resilience, making them more vulnerable to disasters and
delaying recovery. Moreover, the impact on female employment, as opposed to ownership,
has not been distinguished. Diverging results also exist for female-headed households, as
the FAO (2016) found they are more resilient to disasters. Such gender disparity has also
been seen in the disaster resilience literature (Cao et al., 2019), ‘Thus, the third research
question will address the controversies around post-disaster firm recovery pathways, and
implications for sustainable development in the context of globalisation.
This paper assesses the above gaps via the following means:
1. Examining how floods affect global market entry, survival and exit using firm
exporting and foreign ownership status as indicators. These variables will be used to
determine divergence in economic output, employment, and labour productivity.
Foreign ownership has not been investigated previously but is hypothesised to be
correlated with exporting status.
2. Exploring heterogeneity of effects controlling for plant characteristics. A valid
counterfactual will be established to examine whether variables of interest diverge
over time.
3. Investigating the link between plant recovery pathways, global market participation
and the achievement of sustainable development objectives. Divergence in female
9

employment will be studied. Whilst this factor has not been previously explored, it is
expected to have repercussions for the achievement of the SDGs.

3. Data
High frequency and exposure to natural hazard-related disasters makes Indonesia
a relevant case study. Thus, a unique plant-level panel dataset from the Indonesian
Manufacturing Survey is used. The main data source is Industri Besar dan Sedang (IBS),
the Annual Indonesian Survey of Manufacturing for Medium and Large Enterprises
maintained by the National Statistical Office (BPS, 2015). 2 The dataset covers all
manufacturing plants with 20 or more employees on an annual basis since 1975. The
survey has detailed information on plant-level production output, capital (measured in
end-of-year value of whole fixed capital stock), employment (also disaggregated into
employment by gender and low/high skills), and value added. The industrial classification
used in the manufacturing industry survey is a classification based on the International
Standard Industrial Classification of all Economic Activities (ISIC) revision 4, which has
been adapted to conditions in Indonesia in 2009. We have access to the 1990–2015 sample
period, which covers 63,382 plants with 525,111 plant-year observations.
Plants are grouped into 5-digit industry classifications based on the Indonesian
Standard Classification of Business Fields, or ‘Klasifikasi Baku Lapangan Usaha
Indonesia’, which is compatible with ISIC Rev 3. For the survey period, the data cover
24 sectors based on 2-digit ISIC. Nominal figures are deflated to reflect costs in 2015
Indonesian rupiah (IDR) using the national consumer price index.3
The use of panel data is an important contribution given limitations of previous

The Annual Large-Medium Industry Survey (IBS) is conducted in full to all large and medium-sized
industrial companies listed in the BPS Industrial Directory (complete enumeration), ‘Large and
Medium Industrial Companies covered in the Annual IBS survey are companies that have a workforce
of 20 people or more, including industrial companies that have just started commercial production.
The following types of plants do not appear in the IBS sample: plants not participating in the market,
plants with less than 20 employees, plants not in the manufacturing sector, plants not participating in
the survey and those recorded in the BPS directory (e.g., informal plants).
3 We understand that it is preferable to deflate prices using ISIC 2-digit, industry-specific wholesale
price index. However, we do not have access to this data at the time of writing. We address this issue
by including industry-year fixed effects in all our specification involving sales-related variables.
2
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studies. For instance, Leiter et al. (2009) faced simultaneity bias (input factors are affected
by productivity), which was corrected using instrumental variables, though the use of
panel data would be superior. Moreover, the near-census nature of the data allows us to
explore market entry and exit based on when we first and last, respectively, observe the
plants in the data.
Table 1 presents the summary statistics. 23% of the plant-year observations have
recorded flood events. We also observe 12% of the observations associated with plant
exits while only about 9% is associated with plant entry. Both variables, including the
variable of interest and the outcome variables, have substantial variation to identify the
effect.
Table 1: Summary Statistics
Variables
N
Flood = 1, 0 else
525,111
No. of flood events
525,111
Output (’000 IDR)
525,056
No. of employees
525,111
Capital (’000 IDR)
525,090
Labour productivity
525,101
No. of female employees
477,471
No. of blue-collar employees
479,045
Importer=1, 0 else
525,111
Exporter =1, 0 else
493,707
Foreign owned = 1, 0 else
525,111
Plant exit = 1, 0 else
525,111
Plant entry = 1, 0 else
525,111
No. of unique plants
63,382
Year coverage
1990–2015
No of observations
525,111

Mean
.232
.236
97,144
196
7,823
12,880
95.2
145
.203
.155
.0638
.120
.088

SD
.422
.435
873,048
733
1,314,158
201,195
499
628
.402
.362
.244
.325
.283

N = number, SD = standard deviation.
Source: IBS.

Studies of disaster impacts at the plant level are scarce in the literature (Elliott et
al., 2019), and give an added advantage of understanding immediate production shocks
and appropriate recovery mechanisms. The large panel size adds to the validity of this
paper, as compared to existing evidence in the literature (Coelli and Manasse, 2014), ‘
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A sectoral approach lends itself well to policy lessons since national disaster
planning is at this level (Surminski and Tanner, 2016), ‘A focus on manufacturing is
critical given that it is disproportionately affected by natural disasters. Manufacturing
plants are often located within coastal and urban areas that are most exposed to floods
(Elliott et al., 2019; Neise and Diez, 2019; Rodríguez-Pose et al., 2013), ‘For example,
Budiyono et al. (2016) estimated one-third of flood damages in Jakarta were experienced
by the manufacturing sector, which is expected to increase to 47% by 2030.
Floods will be studied since impacts are more localised than other disasters,
affecting fewer producers (Henriet et al., 2012; Koks et al., 2019), ‘Moreover, flooding is
the most frequently occurring disaster in Indonesia (ADB, 2016; Neise and Diez, 2019)
but firm responses have not been assessed quantitatively. Flood intensity is not included
as variance is likely to have negligible effects for the purposes of this study. For instance,
the IMF (2020) found, despite an increase in hazard strength and exposure damages in
terms of GDP, economic losses have not significantly increased over time. Furthermore,
in most cases, the impact on firms due to natural disasters is attributed to exposure as
opposed to intensity of the disaster (McKinsey Global Institute, 2020; Xie et al., 2015), ‘
Flooding data for this paper are obtained from the Emergency Events Database
(EM-DAT) database. The EM-DAT is a robust dataset with 22,000 disasters recorded
worldwide, updated by numerous sources such as government, NGOs, and insurers. It has
frequently

been

utilised

in

the

disaster

literature

(Anuchitworawong

and

Thampanishvong, 2015; Hadri et al., 2017; Oh and Reuveny, 2010; Tembata and
Takeuchi, 2019), ‘The dataset spans from the 1900s, but we will restrict the sample to the
1990s for quality purposes.
Flooding data are localised at the kabupaten (regency) level using a concordance
matching coordinates where available to current regency data (Kode Pos Indonesia,
2020), ‘Using a concordance is essential to ensure historical kabupaten re-classification
is accounted for in the dataset. Studying impact at the kabupaten level is helpful as initial
government disaster response is mandated at this level (Global Facility for Disaster
Reduction and Recovery, 2019), ‘The use of a concordance has been commonly applied
when working with this dataset (Rodríguez-Pose et al., 2013), ‘Heterogeneity will be
studied based on plant exporting, importing, and foreign ownership status. In addition,
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the divergence in female employment will be studied to determine the development
consequences of plant recovery.

4. Main Analysis: Empirical Strategy
In order to explore the research questions, we use a Cox-proportional hazard approach to
test whether impact of a disaster is dynamic in nature. Based on initial results, it is
hypothesised that plants may not be following a linear path, with initial building back
effects leading to potential quadratic recovery paths. In a similar vein, we combine
Propensity Score Matching (PSM) with a difference-in-difference (DiD) approach to
establish a valid counterfactual and explore recovery path divergence between flooded
and non-flooded plants at the kabupaten level.

4.1 Market entry
In considering the effect of flood events on plant entry, we estimate the following
regression:
𝐸𝑗𝑡 = 𝑋𝜃 + 𝛼𝑘 + 𝜆𝑡 + 𝑢𝑖𝑡
where 𝛼𝑘 and 𝜆𝑡 are kabupaten- and year-fixed effects, respectively. Vector X contains
the kabupaten-level flood dummy that turns to unity when there is at least one flood event
in the kabupaten k at year t, and the number of plants, their average age, and the number
of industries (as measured by the number of unique 5-digit ISIC) within the kabupaten.
The variables can control for non-random differences in these variables across kabupatens
over time, which can be related to differences in local competition, level of advancement,
agglomeration, or inter-industry linkages. Our variable of interest, 𝐸𝑗𝑡 , is the number of
plant entries occurred in kabupaten k at year t+1. The equation is estimated using a fixed
effects Poisson regression to account for the count nature of the data. We define market
entry as entry into the survey. In other words, this is when a new plant is started or a preexisting plant exceeds the 20 employees threshold, as defined by Hallward-Driemeier et
13

al., (2017) who worked with the same Indonesian manufacturing survey data.

4.2 Market exit
Market exit occurs when there is plant closure, relocation, or a plant drops below the 20employee threshold, as defined by Hallward-Driemeier et al., (2017), ‘To determine
whether flood events have any detrimental effect on a plant’s survival, we estimate a Cox
proportional hazard model (Cox, 1972, 1975) for an individual plant i with covariates x:
ℎ(𝑡|𝑥𝑖 ) = ℎ0 (𝑡) ∙ exp (𝒙𝑖 𝜷)
where ℎ0 (𝑡) is the baseline hazard function, indicating the hazard rate if all independent
variables are equal to 1. In our estimation, we include the following independent
variables: foreign-ownership, exporting, and importing dummies, log-transformed
output, employment, female employment, and labour productivity (measured as output
per worker), ‘We also include province- and sector-dummies, number of plants in a
kabupaten in year t and a restricted cubic spline function of plant age. In terms of
inference, we clustered our standard error at the kabupaten level where the treatment is
assigned to allow for arbitrary correlation of errors within the same regency.

4.3 Surviving plants
The empirical strategy used to evaluate the effect of flood events on surviving
plants’ performance has three features. First, we exploit within-plant variation of flood
events. We consider plants that are observed for at least 6 consecutive years, and which
have experienced flood events for the first time.4 By focusing on initial exposure to flood
events, we are controlling for potential differences in unobserved adaptation that can bias
our estimates. This approach, however, dramatically reduces the number of observations
that can be considered. Fortunately, we can observe numerous plant-level flood events to

For those that existed prior to 1990, we do not know whether they had experienced flooding prior
to 1990.
4
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allow us to generalise the results with confidence.
Second, we use a DiD approach to compare the performance of those who had
flooding with those that were never exposed to flood events during the comparison years.
This approach eliminates the influence of all unobservable plant-specific variables that
are constant or strongly persistent over time, but which are correlated with the probability
of experiencing flood events, such as the ability to manage flood-related risks, amongst
others. These differences in perceived ability to weather climate shocks may affect a
plant’s decision on where to locate its operation. For example, an importer or exporter
may locate to flood-prone port cities to take advantage of trade-related benefits (e.g.,
lower transport costs to and from ports), ‘
Third, we develop a reasonable estimate of the counterfactual, that is, the change
in the variables of interest that would have been observed had the plant not been exposed
to a flood event. We have valid reasons and empirical evidence (please see succeeding
discussion) to believe that some plants have higher probability of being exposed to floods
than others due to significant differences in pre-flooding observable characteristics, which
can bring bias to our estimated effect (Dehejia and Wahba, 2002), ‘To address this issue,
we employ a one-to-one propensity score matching (PSM), ‘That is, for each treated plant
that will have experienced its first flood event in the next period, we identify a control
plant with similar characteristics using the procedure developed by Leuven and Sianesi
(2012), ‘We ensure that each treated plant is paired with a non-treated plant that is
operating in the same sector and year, with the same type of ownership and import and
export status, and has very similar trends in output (or revenues), employment, labour
productivity, and female employment 3 years preceding the flood event. Matching within
the industry-year cell ensures that we control for sector- and time-specific confounding
factors that affect both treated and control plants. We use a matching procedure with
replacement. To eliminate the potential spillover effect, we pick the control plants from
any province except those where the treated plant belongs to and from those that did not
experienced any flood event in that year.
After obtaining the matched pairs, we examine the effect of flood events on the
plant-level variables of interest using a DiD approach. More specifically, we estimate the
following equation on the matched sample on the ‘prior to the flood’ event and in one of
the post-flooding years:
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ln(𝑦𝑖𝑡 ) = 𝛼𝑖 + 𝛾𝑃𝑜𝑠𝑡𝑡 + 𝛽(𝑃𝑜𝑠𝑡𝑡 ∗ 𝐹𝑙𝑜𝑜𝑑𝑖 ) + 𝜃𝑝𝑟𝑜𝑣−𝑡𝑟𝑒𝑛𝑑 + 𝜖𝑖𝑡
where 𝑦𝑖𝑡 is our dependent variable (e.g., plant i’s output or employment in year
t); 𝐹𝑙𝑜𝑜𝑑𝑖 is an indicator variable that turns to unity when plant i experienced a flood
event and zero otherwise, 𝛼𝑖 is plant-specific fixed effects, and 𝜃𝑝𝑟𝑜𝑣−𝑡𝑟𝑒𝑛𝑑 is provincespecific trends (province multiplied by linear time trend), and 𝜖_𝑖𝑡 is the error, which we
assume as independent and identically distributed random variables.
The estimating equation addresses several potential endogeneity issues. First, it
exploits the panel structure of the dataset by including plant fixed effects 𝛼𝑖 , which
capture time-invariant plant-specific characteristics that may be correlated with the
probability of flood events. These include, amongst others, differences across plants of
varying sizes, different technologies, or different managerial capabilities, which may
explain between-plant differences in exposure to flood events (e.g., location choices or
planning), ‘There are, however, numerous limitations to this methodology. First, there is
potential for endogeneity. For instance, whilst the DiD framework compares plants that
were affected by a flood in a given year with plants in the control group (Leuven and
Sianesi, 2018), there remains likelihood of selection bias, as plants may strategically sort
themselves and avoid locating in flood-prone areas. Thus, the method may be biased for
observables, with behavioural differences between plants that have chosen to locate in
high-flood-risk areas versus those in low-risk areas, as highlighted by Hu et al. (2019).
Second, we add province-specific trends 𝜃𝑝𝑟𝑜𝑣−𝑡𝑟𝑒𝑛𝑑 , which capture any longterm province-specific development that may influence disaster resilience in the area and
in turn output of plants operating in the area. The method employs a framework similar
to standard DiD used in the literature (Belasen and Polachek, 2009; Cole et al., 2008; Hu
et al., 2019), assuming no selection bias associated with plants of certain characteristics
pre-selecting themselves in locations with higher probability of flood events. The method
also allows us to explore the persistence of and/or delay in the effect of the flood events
on plant-level performance. This contrasts with previous studies (Hu et al., 2019), which
are unable to accurately comment on persistence of effects because outcomes for
unaffected plants in the absence of regional floods are unobserved.
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We intend to lessen this endogeneity issue by combining DiD with a matching
estimator. Inevitably, this will dramatically reduce the number of distinct observations in
the control group, which can increase the estimator variance (Bai and Clark, 2019), ‘Strict
exogeneity may also be violated due to lagged effects, or employment in a flooded plant
this year, affecting the outcome variables next year. Our method allows for the
investigation of these effects. The problems of serial autocorrelation and spatial
correlation of errors are addressed using clustered robust standard errors at the kabupaten
level where the treatment is assigned. As per Coelli and Manasse (2014),
heteroskedasticity is controlled for using within-cluster correlation at the plant and
industry year level. There are also external validity concerns, as there may be general
equilibrium effects or varying economic output dynamics in the Indonesian economy.
Overall, randomisation is always preferred, but remains difficult to achieve given data
limitations in the disaster literature (Cunningham, 2018), ‘Thus, quasi-randomisation, as
studied in this paper, is the next best option.

5. Results
5.1 Market entry
Table 2 presents the results of our kabupaten-level estimates of the determinants of plant
entry. At the kabupaten level, we find no strong evidence to suggest that flooding deters
or attracts plant births. In the first column, for example, the flood dummy has a coefficient
that corresponds to an incidence ratio of 21.43, which implies that a kabupaten that
experiences a flood event in time t would have plants births that are higher than those that
were not exposed to the flooding by a magnitude of about 21. While this parameter
estimate is large, it is not statistically significant. The same is true for plant exit at t+1,
although plant exits are more adequately analysed in the succeeding subsection.
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Table 2. The Determinants of Plant Exit and Births, 1990–2014 (Poisson
estimation)
Variables

Kabupaten
Entry

Exit

21.43

7.960

(1.25)

(0.61)

–0.0108

–0.00397

(–1.26)

(–0.61)

0.00119***

0.00264***

(5.18)

(8.18)

–0.330***

–0.0609***

(–15.67)

(–4.06)

–0.00823

–0.0129

(–1.22)

(–1.74)

Kabupaten FE

Yes

Yes

Year FE

Yes

Yes

N

2,714

2,717

Observations

6643.3

19905.4

p-value

<0.0001

<0.0001

Flood = 1; 0 else
Flood*Time
No. of plants
Average age
No. of industries

FE = fixed effects, N = number.
Note: The table presents incidence rate ratios from estimating a fixed effects Poisson regression. Each
regression contains kabupaten and year effects. Standard errors are in parentheses and ***, **, and * denote
coefficients that are significantly different from 0 at 99%, 95% and 90% confidence levels, respectively.
Source: Authors.

5.2

Market exit
A Cox-proportional hazard approach was used to determine market exit after

flooding that occurred for the first time. A split sample was used to study impact on: (1)
all plants, (2) domestic plants, (3) foreign-owned plants exporting but not importing, (4)
foreign-owned plants importing but not exporting, (5) domestic plants importing and
exporting, and (6) foreign-owned plants importing and exporting. Variables included

18

output, employment, female employment, and labour productivity. Control variables
(sage 1 and sage 2) are a cubic polynomial with two knots controlling the possible
nonlinear trend across age of all plants. This can capture the probability of plants exiting
being exponentially higher as plants become older.
Table 3 indicates that plants that have experienced flooding at first instance have
a 55% higher likelihood of exiting the market, when compared to all other types of plants
that did not experience flooding. The likelihood of exiting the market after experiencing
flooding is highest amongst foreign-owned importing and exporting plants, which are
twice as likely to exit the market. When studying other indicators such as output, it is
observed that a one-unit increase in output would increase the hazard rate by 1.32%
amongst all plants relative to other plants with a percentage higher output. The highest
impact was faced by foreign-owned importing and exporting plants, a one-unit increase
in output increased the hazard rate by 16.67% amongst this sample relative to other plants
with a percentage higher output. In terms of employment, a one-unit increase in
employment and female employment changed the hazard rate minimally amongst all
plants relative to other plants with a percentage higher employment or female
employment. For example, a one-unit increase in female employment in all plants had an
increase in hazard rate by 6.38% relative to other plants with a percentage higher female
employment. In terms of labour productivity, a one-unit increase in labour productivity
would decrease the hazard rate by 12.34% amongst all plants relative to other plants with
a percentage higher labour productivity.
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Table 3. Determinants of Market Exit (Cox proportional hazards model)
Variable
s
1.flood

All
samples
1.5598*
**

Domestic
plants only

Foreign
owned
exporting only

1.5416***

1.5287

and

Foreign
owned
importing only

and

Domestic plant and with import
and export

Foreign-owned plant
import and export

1.8182**

1.7726***

2.0134***

(0.1076)

(0.1195)

(0.4340)

(0.5466)

(0.3497)

(0.4384)

log_outp
utR

1.0132

1.0096

0.8785

1.1051

0.9876

1.1666**

(0.0228)
0.6455*
**

(0.0261)

(0.1188)

(0.0927)

(0.0612)

(0.0738)

log_empl
oy

0.6046***

0.7724

0.7599**

0.7104***

0.6122***

(0.0286)
1.0638*
**

(0.0370)

(0.1656)

(0.0968)

(0.0734)

(0.0554)

log_femp
loy

1.0361*

1.1517

1.0766

1.2390***

1.2783***

(0.0185)
0.8766*
**

(0.0215)

(0.1236)

(0.0948)

(0.0700)

(0.0632)

log_labpr
od

0.8966***

1.0182

0.8200***

0.9225

0.8757**

(0.0274)

(0.1345)

(0.0615)

(0.0571)

(0.0588)

sage1

(0.0201)
1.1968*
**

1.2407***

1.1385***

1.2001***

1.1446***

1.2601***

(0.0114)

(0.0442)

(0.0445)

(0.0170)

(0.0597)

sage2

(0.0092)
0.7464*
**

0.7000***

0.8693*

0.6860***

0.8367***

0.6879***

(0.0126)

(0.0645)

(0.0859)

(0.0222)

(0.0759)

n_psid

(0.0109)
0.9994*
**

0.9995***

1.0000

0.9992**

1.0001

0.9995

(0.0001)

(0.0002)

(0.0005)

(0.0003)

(0.0003)

(0.0005)

N
Pseudo
R-sq.

210,656

97,881

3,764

3,652

21,297

14,603

0.03

0.04

0.08

0.06

0.05

0.06

Chi sq.

3,725.35

1,895.01

47,124.25

18,881.83

1,305.00

2,736.26

N = number.
Source: Authors.
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and

with

5.3 Surviving plants – PSM combined with DiD
The validity of our combined PSM-DD estimation results relies heavily on the
assumption that potential outcomes for the treated and control plants are orthogonal to
treatment status, conditional on the observed characteristics that may be relevant to
decisions that may affect the probability of being treated. For this reason, we need to show
that both treated and control plants likely faced the same business and regulatory
environments, sector-specific and country-wide shocks, and trends prior to experiencing
flood events. This is partly established by matching within industry-year cell. Moreover,
we also show that there is no statistically significant difference in the pre-flooding trends
in the variables of interest for the matched 836 treated and 836 control plants, suggesting
that our matching procedure has performed well, as seen in Table 4.
Table 4. Balancing Hypothesis
N_1

N_2

Control

Treated

Difference

p-value

logoutputRtrendlag

836

836

–0.02

0.01

–0.04

0.32

logemploytrendlag

836

836

0.01

–0.00

0.02

0.33

loglabprodtrendlag

836

836

–0.09

–0.04

–0.05

0.28

logfemploytrendlag

836

836

0.04

0.01

0.03

0.32

logval_addedtrendlag

836

836

0.34

0.37

–0.03

0.46

foreign_dummylag1

836

836

0.00

0.00

0.00

1.00

foreign_dummylag2

836

836

0.00

0.00

0.00

1.00

foreign_dummylag3

836

836

0.00

0.00

0.00

1.00

export_dummylag1

808

808

0.03

0.03

0.00

1.00

export_dummylag2

833

833

0.07

0.07

0.00

1.00

export_dummylag3

825

825

0.08

0.08

0.00

1.00

import_dummylag1

836

836

0.02

0.02

0.00

1.00

import_dummylag2

836

836

0.02

0.02

0.00

1.00

import_dummylag3

836

836

0.03

0.03

0.00

1.00

N

1,672
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N = number.
Note: logoutputRtrendlag = difference in log-transformed output between t-3 and t-1, t being the year the
flood event was experienced. Logemploytrendlag, loglabprodtrendlag, logfemploytrendlag,
logval_addedtrendlag are analogous variables for employment, labour productivity (output per worker),
female employment and value-added. foreign_dummylag1- foreign_dummylag3 are lagged foreignownership dummy in t-1 to t-3. export_dummylag1- import_dummylag3 are analogous variables applied
to import and export status.
Source: Authors.

Results of the combined PSM-DD estimation are illustrated in Figure 2. Results
suggest that when we compare those plants that have experienced flooding at first instance
with a carefully selected comparable plant, we do not see any significant difference in
employment, whether overall or female, at the time the flood was experienced. This
pattern holds for periods succeeding the plant event, i.e. from the first to third year after
the flood event.
In contrast, we see a delayed but statistically significant decline in output and
output per worker 2 years after the flood event. Results show that plants experiencing a
flood event for the first time are observed to have a decline of about 32% in output per
worker 2 years after the flood event, relative to its pre-flood level. This reduction is
reduced to 15% after 3 years and is statistically insignificant. Moreover, this result
dissipates when we remove years that are potentially subject to anomalies. We discuss
this issue in the succeeding subsection.
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Figure 2. Estimated Effect, Combined PSM with DiD

DiD = difference-in-difference, PSM = propensity score matching.
Note: The figure above presents the estimated effect of experiencing flood for the first time on the matched
sample, following the procedure discussed in the empirical strategy. The range plot pertains to the 95%
confidence interval. t refers to the year the flood event occurred, implying that the value of 1 means the
year after the flood event was experienced. Detailed regression results are found in the Appendices.
Source: Authors.

We also looked at possible heterogeneity in flood-induced adjustments across
different ownership types and export–import statuses, implying a difference-indifference-in-differences effect. The middle pane of the top left panel of Figure 3, for
example, illustrates the marginal effect of experiencing a flood event at first instance on
a foreign-owned firm’s output relative to those domestic firms that had the same flood
experience. Results show no significant difference in output and employment for
importers and exporters relative to their local counterparts after experiencing a flood
event. This is also true for labour productivity (output per worker) and female
employment.
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In contrast, we see a persistent downward trend in output per worker for foreignowned plants in the aftermath of a flood event, relative to plants that have the same flood
experience but remained domestically owned. We discuss the potential reason and
implications of this finding in more detail in the Discussion section.
Figure 3. Estimated Heterogeneity of Effects, PSM Combined with DiD

DiD = difference-in-difference, PSM = propensity score matching.
Note: The figure above presents the estimated effect of experiencing flooding for the first time on the
matched sample, conditional on whether the plant is (1) exporter (‘export’); (2) foreign-owned (‘foreign’)
or (3) importer (‘import’), following the procedure discussed in the empirical strategy. The range plot
pertains to the 95% confidence interval.
Source: Authors.

5.4 Robustness checks
Indonesian data do not come without imperfections, with previous studies noting
anomalous years that can influence results. For example, since the dataset crosses the
1997–98 Asian Financial Crisis, data were removed, as the period has some problems
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regarding accuracy. There were also issues in relation to Indonesian political reform
starting in 1998 and the documented low representativeness in 2004. To address this issue,
we dropped matched samples with flood-years occurring before 2005. This significantly
reduces the total number of observations for those surviving plants to 390 matched
samples, down from 836 in the initial sample. The reduction also forced us to perform
meaningful empirical analysis at a more disaggregated level (i.e. foreign-owned plants,
importers, and exporters) due to a very limited matched sample. Results are fairly the
same with our initial analysis mainly in terms of having no significant effect of flood
cases on surviving plants’ economic performance.5
For our survival analysis, we dropped years earlier than 2005. This reduces not
only the number of observations but also the number of plants exiting the sector,
considering that an average firm would have 16 years of observations in the dataset.
Notwithstanding, we repeated the survival analysis and examined whether we can find
significant effects of flood events on plants’ survival. Even with the aforementioned
caveats, results show a remarkable increase in the probability of foreign-owned plants
involved in both imports and exports exiting the sector. Other groups seem to exhibit
statistically significant increases in their survival probabilities with the truncated dataset,
albeit slight changes in the magnitude of the change. Only those plants that are foreignowned and importing only have lost their statistical significance in terms of the effect of
flood events on market entry.6
In terms of entry, results remain the same as those of the previous analysis. In other
words, we do not find any statistically significant effect of flood events on the entry rate
of plants.

5
6

For the plots and regression results, see Appendices.
Detailed results are in the Appendices.
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6. Discussion
6.1 Market entry and exit
Overall, no significant results were found for market entry. In terms of market exit,
while the probability of exits amongst all plants after the first flooding instance is higher,
results show that there are some distributional concerns with regards to foreign-owned
exporting and importing plants. Disproportional exits amongst foreign-owned importing
and exporting plants may be due to the ability to move assets elsewhere both domestically
(to another kabupaten) or internationally. Conversely, domestic plants may be more
restricted in terms of movement of assets. Another aspect to explore in future research is
the relationship between plant exits and flood intensity, which may influence the factors
associated with plant movement (discussed in the Areas of further research), ‘
The exit of foreign-owned plants can have negative implications for long-term FDI
and technological transfer in the manufacturing sector. This is policy-pertinent, given the
crucial role of FDI in the context of Indonesia’s manufacturing sector (Kuncoro, 2012),
‘Disaster impacts can therefore lead to lower long-term development pathways (AlbalaBertrand, 1993; Stephane Hallegatte, 2017), ‘These results are policy pertinent for other
AMSs, where limited reconstruction capacity (Benson and Clay, 2004) can prolong
recovery and reduce investment in ex-ante disaster preparedness.

6.2 Surviving plants
Amongst surviving plants, PSM DiD results show that there is no significant
difference amongst comparable plants in terms of performance indicators such as output,
employment, and labour productivity. Except in the case of foreign-owned plants, in most
cases, it takes approximately 1 to 2 years for plants to recover following a flooding event,
in comparison to comparable non-flooded plants. For example, foreign-owned surviving
plants were most likely to adjust employment post-flooding. The impact on employment
has significant implications for wages and long-term economic growth, given that
foreign-owned plants have typically higher wages (Verico and Pangestu, 2020), ‘Such
industry-wide vulnerability, combined with dysfunctional labour markets, impedes
macroeconomic performance. Concerningly, this affects the poorest in society if impacts
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are disproportionately borne by female or production workers.
Impacts on female employment post-flooding have not been investigated in
Indonesia previously. While the results for surviving plants do not indicate a
disproportionate impact on female employment, it may be that the effect on female
employment is connected to plant exits. Do exiting firms employ significantly higher
share of women? And what happens to displaced workers when a plant exits the marker
due to climate-related disaster shocks? These points are salient given the poverty
trajectories in Southeast Asia post-COVID-19 (Sumner et al., 2020) and should be
explored further.

7. Policy Implications
This paper provides three main lessons for firms, investors, and national policymakers:
•

Improved quantification of disaster-related losses: Findings reflect the true
economic impacts of natural hazard-related disasters. Understanding impacts at
the manufacturing plant level is essential, as they provide critical inputs for other
sectors, causing ripple effects in the rest of the economy. Establishing the extent
of damage and heterogeneity of impacts can assist the Indonesian government in
providing adequate and targeted disaster aid. Moreover, insights into plant-level
physical risk can aid foreign investors in decision-making, given supply chain
repercussions.

•

Early investment in disaster resilience: Results can incentivise firms to
undertake appropriate adaptation measures such as import substitution,
technology adoption or insurance uptake. Reducing exposure through adaptation
can significantly limit losses in Southeast Asia, where socio-economic
development is a climate risk driver. Being aware of heterogeneity of losses can
also help governments support vulnerable firms in the manufacturing sector. This
includes ex-ante investments such as parametric insurance or relocation (e.g. asset
buy-out policies) based on plant-level exposure. Similarly, long-term Disaster
Risk Reduction investments are recommended, even when there is no disaster
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damage in view of the resilience co-benefits beyond avoided losses, such as
increased economic activity, improved competitiveness, supply chain stability,
and enhanced company credit ratings.
•

Mitigating impacts of reduced FDI on long-run growth: Results suggest
foreign firms may be disproportionately impacted by flooding. This poses the risk
of macrolevel poverty traps given the key role of FDI in Indonesia as a driver of
output, employment, and technological progress. Consequently, the Indonesian
government can strengthen Disaster Risk Reduction investments, as per the above,
and factor in natural hazard-related impacts when designing trade policies to
ensure ongoing FDI.

8. Conclusion
This paper investigated the market entry, survival, and exit of firms in the aftermath
of natural hazard-related disasters. Using a case study of Indonesian manufacturing
plants, it addressed literature gaps by establishing a link between flooding, global market
activities, and impacts on sustainable development objectives. The paper combined plantlevel data from the Indonesian Manufacturing Survey and localised disaster data from the
EM-DAT database for 1990–2015 to study impacts at the kabupaten level using: Poisson
regression (entry), Cox-proportional hazard approach (exit), and PSM combined with
DiD (surviving firms).
Flooding was not found to have a significant impact on plant entry. The probability
of exits amongst all plants after the first flooding instance was higher, with
disproportional exits amongst foreign-owned importing and exporting plants. Finally, for
surviving plants, no significant difference was found amongst comparable plants in terms
of output, employment, and female employment. However, plants that are connected and
foreign-owned experienced a persistent decline in output per worker relative to their
domestic counterparts in the aftermath of a flooding event.
The impact on employment and foreign-owned firms has significant implications for
wages and long-term economic growth. This can jeopardise development objectives if
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impacts are disproportionately borne by female or production workers. While results for
surviving firms suggest no strong evidence of detrimental effects on female employment,
safeguards should be established to prevent risk of persistent underdevelopment.
Importantly, this paper strengthens the argument for increasing investment in disaster
resilience. By looking at resilience co-benefits to include economic development and
competitiveness, which are beyond simply avoided losses, a strong economic case can be
made for increased adaptation spending. Against rising disaster losses and the consequent
firm-level impacts and development concerns highlighted in this paper, underspending in
ex-ante measures is certain to exacerbate challenges posed by natural-hazard-related
disasters.

9. Areas of Further Research
To further confirm the validity of the result for plant market entry, exit, and survival,
we suggest using flood intensity and frequency as a variable to control for the magnitude
of the shock experienced. Adding flood intensity and frequency will enable us to study
both extensive and intensive margins of flooding. This may provide more robust results
concerning impacts on female employment, particularly in years of major flooding events
such as 2007 and 2017. Additionally, there may be heterogeneity in terms of impacts, with
the total number of consecutive flood experiences influencing a plant’s decision to exit or
relocate.
Next, the distributional impacts of plant exits can be further investigated, with an
emphasis on female and production workers. While gendered impacts of economic shocks,
like the 1997 Asian Financial Crisis have been studied, the mechanisms at play in the
aftermath of a natural disaster may be different. Findings will be policy-pertinent, given
that growth in manufacturing employment is positively correlated with higher school
enrolment and female labour force participation.
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Appendices
Table A.1. Estimated Effect on Flood Events on Surviving Plants, Combined PSM
with DiD, complete sample.
Treatment*Po
st

N
Treatment*Po
st

N

Log (employment)
–
–0.0521
0.144 0.0299
(–
(–
(–1.13)
1.57)
0.70)
3,344 3,344
3,344
Log (output/worker)
0.171 0.0455
0.232**

0.00941
(–0.18)
3,344
–0.0711

(1.68)

(0.49)

(–2.69)

(–0.76)

3,344

3,344

3,344

3,344

Log (female employment)
0.0273
0.0293
0.0843
(–
(–
(0.65)
0.41)
1.18)
3,318
3,302
3,284
Log (output)
0.0119 0.0152 0.317*
(–
(–
(–
0.26)
0.22)
2.42)
3,344
3,344
3,344

0.029
4
(0.64)
3,274
–
0.151
(–
1.02)
3,344

DiD = difference-in-difference, N= number, PSM = propensity score matching.
Source: Authors.

Figure A.1. Estimated Effect on Flood Events on Surviving Plants, Combined PSM
with DiD, Truncated Sample (2005–15)

DiD = difference-in-difference, PSM = propensity score matching.
Source: Authors.
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Table A.2. Estimated Effect on Flood Events on Surviving Plants, Combined PSM
with DiD, truncated sample
Log (employment)
Treatment*Post
N
Treatment*Post
N

Log (female employment)

0.108 0.150 0.147
(1.28) (1.39) (1.43)
1,560 1,560 1,560
Log (output/worker)
0.155
(1.42)
1,560

0.163
(0.99)
1,560

–0.287
(–1.65)
1,560

0.0685
(0.55)
1,560

0.289
0.202
(1.32)
(1.50)
1,548
1,546
Log (output)

0.136
(0.75)
1,544

0.139
(0.82)
1,560

0.181*
(2.05)
1,560

–0.121 0.105
(–0.88) (0.66)
1,560
1,560

0.257
(1.86)
1,560

0.0693
(0.49)
1,540

DiD = difference-in-difference, N = number, PSM = propensity score matching.
Source: Authors.

Table A.3. Determinants of Market Exit (Cox proportional hazards model),
truncated sample (2005–15)

Foreignowned and
importing
only

Domestic
plant and
with
import
and
export

Foreignowned
plant and
with
import
and
export

Variables

All
sample

Domestic
plants
only

Foreignowned
and
exporting
only

1.flood

1.2885**

1.3189**

1.1051

0.8520

1.7253**

2.3356***

(0.1384)

(0.1616)

(0.3833)

(0.4898)

(0.3822)

(0.6968)

1.0538*

1.0452

0.9022

1.2143

0.9466

1.2402***

(0.0308)

(0.0346)

(0.1852)

(0.1882)

(0.0880)

(0.0657)

0.5502***

0.4689***

0.5649**

0.6848*

0.6398***

0.7076***

(0.0359)

(0.0320)

(0.1488)

(0.1543)

(0.0960)

(0.0637)

1.1238***

1.0975***

1.4592***

1.1857

1.3467***

1.1266**

(0.0296)

(0.0331)

(0.1835)

(0.2149)

(0.0978)

(0.0638)

0.9353**

1.0037

1.0061

0.6625***

1.0545

0.8631***

(0.0278)

(0.0397)

(0.2350)

(0.0687)

(0.1073)

(0.0470)

1.0777***

1.1217***

0.9833

1.1590**

1.0861***

1.0416

(0.0164)

(0.0198)

(0.0586)

(0.0772)

(0.0309)

(0.0325)

0.8805***

0.8278***

1.1040

0.8154

0.9120**

0.9612

(0.0221)

(0.0255)

(0.1148)

(0.1056)

(0.0405)

(0.0634)

0.9992***

0.9994***

0.9997

0.9999

0.9997

0.9997

(0.0002)

(0.0002)

(0.0006)

(0.0007)

(0.0004)

(0.0006)

97,414

47,433

2,176

1,936

7,025

7,303

log_outputR
log_employ
log_femploy
log_labprod
sage1
sage2
n_psid
N

39

Pseudo
sq.

R0.03

Chi sq.
1,455.93
N = number.
Source: Authors.

0.02

0.08

0.10

0.07

0.06

1,015.05

79,478.00

2,485,427.65

920.65

79,695.59

Table A.4 Determinants of Market Entry (Poission regression), truncated sample
(2005–15)
Variables
Flood = 1; 0 else
Flood*Time
No. of plants
Average age
No. of industries
Kabupaten FE
Province FE
Year FE
N
Chi-sq.
p-value

Kabupaten
Entry
74.05
(1.29)
–0.0370
(–1.30)
0.000483
(0.70)
–0.426***
(–11.36)
0.000308
(0.02)
Yes
No
Yes
1,109
5,814.4
<0.0001

FE = fixed effects, N= number.
Source: Authors.
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Exit
–99.28**
(–2.70)
0.0494**
(2.70)
0.00414***
(7.39)
–0.00270
(–0.08)
–0.0120
(–1.10)
Yes
No
Yes
1,131
9,464.8
<0.0001
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