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Abstract

We exploit the 2004 Indian Ocean Tsunami as a natural experiment to investigate how
aggregate bank lending changes in response to alarge and unexpected shock. Using a dataset
comprising aggregate bank loans at provincia level, we assess the impact of the Indian
Ocean Tsunami of 2004 on aggregate provincia lending in Thailand. The results of a
Difference-in-Differences investigation suggest that aggregate lending declines in provinces
affected by the Tsunami compared to unaffected counterparts. The overall effects of the
tsunami on bank lending appear to be long lasting. Further analysis reveals that the overall
change in aggregate lending is driven by a decline in lending in the most severely affected
provinces.
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1. Introduction

Bank credit is the predominant source of finance to firms and households in
developing countries. Disruptions to the flow of bank credit are likely to affect the ease with
which firms and households can access finance, and ultimately lead to detrimenta effects on
the real economy.

In this paper, we exploit the 2004 Indian Ocean tsunami as a natural setting to
examine how negative shocks affect aggregate bank lending in a developing country. The
Indian Ocean tsunami provides an interesting laboratory to explore the impact of an
exogenous shock on bank credit supply. Unlike many so-called exogenous shocks (such as
changes in monetary policy) which take time to affect the financia system and real economy
and can be anticipated, the impact of a tsunami on economic and environmental conditionsis
sudden and unexpected. As such a tsunami represents an exogenous shock such that any
subsequent observed changes in bank credit supply are caused by the shock and not
coincident changes in other relevant economic variables. Furthermore, unlike other natural
disasters (such as hurricanes) which arise from seasona patterns in weather conditions,
tsunamis in the Indian Ocean are extremely rare and strike without warning.

A priori it is not clear how aggregate bank lending might respond in face of alarge
and significant exogenous weather shock. On the one hand, aggregate bank Iending may
decline after a shock as the resultant damage caused by the severe weather event exposes
banks' balance sheets to unexpected losses arising from a decline in the value of collateral
and the economic prospects of households and firms in affected areas. This reduces banks
capacity to assume more risk via increased lending. Aggregate lending may then decline in
affected areas as banks move funds to finance projects in geographic areas unaffected by the
weather shock, where borrowers prospects and collateral values are more predictable. On the
other hand, aggregate lending may increase after a severe weather event in response to an
increase in credit demand by borrowers requiring increased funding for reconstructing and
repairing properties (Cortés and Strahan, 2015). Aggregate bank lending in affected areas
may then increase as banks strive to support creditworthy borrowers and protect existing
bank-borrower relationships. In addition, banks may act as conduits to channel government
funds to support firms and households in areas affected by the severe weather event.

The effects of a severe weather event on bank lending may also vary between severely
and mildly affected geographic areas. Firms and households in mildly affected areas suffer

less following a shock. Bank lending portfolios and risk-taking capacity in these areas are
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only slightly affected. As a result, aggregate bank lending is likely to decrease by a smaller
amount in mildly affected relative to severely affected geographic areas. By contrast,
aggregate lending may change dramaticaly in severely affected areas because of higher
credit demand of firms and households or because of the inability of banks to continue
lending in the face of increased pressure on balance shests.

We examine the effects of the Indian Ocean Tsunami on aggregate bank lending using
data from the Bank of Thailand. The data comprises monthly information on selected items
of commercia bank balance sheets at aggregated level in 75 provinces. From the Office of
the Board of Investment, we collect monthly data on the number and vaue of corporate
investment projects (a proxy of credit demand) approved by Thai Board of Investment. We
test three main hypotheses. The first hypothesis contends that following the tsunami,
aggregate bank lending declines in affected provinces. The second hypothesis contends that
following the tsunami, aggregate lending in severely affected provinces declines more
significantly than in the mildly affected provinces. Finally, the third hypothesis contends that
following the tsunami there is a lasting impact on aggregate bank lending.

In order to test these hypotheses, we use the difference-in-differences estimator. This
method does not require data at individual bank level, and is relatively simple to employ
using aggregate data. Furthermore, this approach avoids many of the endogeneity issues that
are present when comparing heterogeneous entities because unobserved time-constant effects
to the outcome have been eliminated through differencing (Bertrand et a., 2004). Therefore,
it is valuable for evaluating causal effects. The difference-in-differences estimator is
appropriate when a shock produces an immediate effect on the outcome variable of interest.
Thisisthe case for the 2004 Indian Ocean tsunami event used in the present study.

The results of the empirical analysis suggest that following the 2004 Indian Ocean
Tsunami, aggregate bank lending declines in affected Thai provinces compared to unaffected
counterparts. In monetary terms, bank credit supply in the affected provinces declines by
more than THB150 million in the 12-month period after the tsunami on average. Within
affected provinces, aggregate bank lending in severely affected provinces declines more
significantly compared to mildly affected counterparts. The tsunami appears to have a longer
term negative effect on aggregate bank lending, with the most severe impact observed three
months after the event (when a decline of THB1200 million is observed for the severely
affected against the unaffected group). This impact lasts long and dissipates over a 20-month

period.
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We contribute to two strands of the literature which investigate the impact of
exogenous shocks on bank credit supply. First, we provide evidence on the impact of arare
disaster on aggregate bank lending in a setting where banks act as the primary source of
financing for firms and households. Previous studies show that shocks to aggregate bank
lending have a significant impact on economic growth (Peek et al., 2003) and firm investment
(Amiti and Weinstein, 2013; Chava and Purnanandam, 2011). We argue that many shocks to
aggregate credit supply explored in the literature thus far are not strictly exogenous since, to
some degree, these shocks could be anticipated. We show that arare natural disaster can have
a long lasting effect on aggregate bank lending. In addition, the impact of the shock on
aggregate lending differs significantly between severely and mildly affected geographic
arees.

Second, we augment the findings of a handful of recent bank-level studies in
developed countries that present evidence of the impact of natural disasters on credit supply
(Chavaz, 2014; Cortés and Strahan, 2015; Lambert et a., 2015; Garmaise and Moskowitz,
2009; Hosono et al., 2015).! In the current context, the results of this study provide evidence
of the impact of a severe weather event in a geographic area where insurance protection and
government financial support (which can act as mechanisms for risk transfer and augment
borrowers' capacity to cope with unexpected events) are limited.?

Therest of the paper is structured as followed. Section 2 provides a background to the
present study. Section 3 presents the data. In section 4 we present the model and the results.

Section 5 presents various robustness tests. Section 6 concludes.

2. Background
Tsunamis occur following large-scale disturbances in the ocean. The most common

cause is an undersea earthquake which creates an explosive vertical motion leading to a

! Other studies explore the impact of natural disasters on credit demand. For example, Czura and Klonner (2010)
investigate the effects of the 2004 Indian Ocean tsunami in South India and find that interest rate of loans
offered by chit funds rises substantially because of increased demand for credit from borrowers. Berg and
Schrader (2012), on the other hand, use the number of loan applications to proxy demand and find that loan
applications to microfinance institutions increase significantly while the probability of a loan being approved
decrease, particularly for new borrowers after volcano eruptionsin Ecuador.

2 Chavaz (2014) and Cortés and Strahan (2015) suggest that banks move funds from unaffected areas (where
they do not have physical presence) to affected areas in order to meet the increasing demand for funds after
disasters. Thisleads to an increase in lending in disaster affected areas after a shock. Cortés and Strahan (2015)
also show that the effects of natural disasters on lending can extend up to 12 months. On the other hand,
Garmaise and Moskowitz (2009) find that the decrease in credit supply is only 3 months following an
earthquake. All of these aforementioned studies focus on the US, where government intervention and support to
affected areas are commonplace following a natura disaster. Furthermore, households are to some extent
covered by property and other forms of insurance.
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sudden rise and fall of the sea level. Mgor tsunamis are generated by earthquakes with
magnitudes exceeding seven on the Richter scale and which take place less than 30
kilometres beneath the surface of the earth. The resulting tsunami propagates as a series of
waves, which involve the movement of water al the way to the seafloor. In the open ocean, a
tsunami is barely noticeable. However, as a tsunami approaches the coastline, the wave
height and the speed of the current increase dramatically. The resulting waves can reach up to
30 metres high and last for several hours.®

On 26" December 2004, a powerful earthquake measuring 9.1 on the Richter scale
with its epicentre just off the Northern part of Sumatra, Indonesia created a tsunami that
affected 14 countries from Asiato Africa. The unexpectedness of the tsunami and the lack of
any prior warning meant that the devastation and fatalities were spread throughout countries
around the Indian Ocean. Within two hours, the tsunami claimed over 63,000 lives in
Thailand, Sri Lanka and India (Bernard et al., 2006).* In Thailand (the geographic focus of
the present study), the tsunami killed 8,000 people and caused severe damage to property,
fishing vessels, housing, infrastructure and agricultural crops. The tsunami flooded coastal
areas two to three kilometres in land. The affected areas (shown in Figure 1) were
contaminated with salt water to the detriment of agricultural production and water quality
(UNEP, 2005). There were sizeable losses to key parts of the real economy. According to
estimates reported by the Asian Disaster Preparedness Centre (2006), the two most affected
industries (accounting for over 90% of total recorded losses) were tourism (estimated |osses
equal to THB71972 million) and fisheries (estimated |osses of THB6481 million).

In Thailand, the most affected geographic areas were the six provinces in the south of
the country comprising Krabi, Phangnga, Phuket, Ranong, Satun and Trang. These six
provinces are classified as affected provinces in the present study. Table 1 provides a
summary of the economic impact of the tsunami in these six affected provinces. Overal, the
cumulative economic impact accounted for approximately 50% of total economic outputs in
affected provinces. However, the effects of the tsunami differed across affected provinces,
with most impact concentrated in Phuket, Krabi and Phangnga. Average losses and damage

to these provinces exceeded 75% of annual respective outputs. This is far higher than the

3 See: NOAA at http://wecatwe.arh.noaa.gov/?page=tsunami_science; Australian Bureau of Meteorology at
http://www.bom.gov.auw/tsunami/info/fag.shtml

* The worst hit country was Indonesia with 167,540 listed as dead or missing and damages of $4,451.6 million.
The remaining fatalities occurred in Sri Lanka (35,322), India (16,269), Thailand (8,212), Somalia (289),
Maldives (108), Maaysia (75), Myanmar (61), Tanzania (13), Bangladesh (2), Seychelles (2), South Africa (2),
Yemen (2), and Kenya (1).
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losses recorded for the other three affected provinces, estimated at below 10% of annual

output.

Insert Figure 1. Tsunami affected provincesin Thailand near here

Insert Table 1. The tsunami economic impact in Thailand by province near here

3. Data

We collect monthly data on bank lending from Bank of Thailand. This data source
provides monthly data on selected items of commercial bank balance sheets and the number
of bank branches at provincia level in 75 provinces.” From the Office of the Board of
Investment of Thailand we also collect data on the number and value of investment projects
(aproxy of credit demand in the real economy) approved to the corporate sector.

Figure 2 presents a preliminary analysis of the evolution of bank lending (measured as
aggregate provincia loans outstanding scaled by total credits) in severely affected, mildly
affected and unaffected provinces before and after the tsunami.® Affected provinces are
classified based on estimated damage and losses (Asian Disaster Preparedness Centre, 2006).

In the year before the tsunami in December 2004, there was a similar growth pattern
among severely affected, mildly affected and unaffected provinces in lending. Even though
lending in severely affected provinces was significantly higher than that of mildly affected
which, in turn, was higher than lending in the unaffected areas, there appears to be a parallel
trend in terms of lending growth among these three groups in the year prior to the tsunami.
After the tsunami, the aggregate lending ratio in the severely affected provinces falls below
the corresponding level in unaffected provinces, but recovers gradually from this significant
decline. However, it takes 21 months for lending in severely affected provinces to return to a
similar level to that of unaffected provinces. Lending in mildly affected provinces does not
show a significant change after the tsunami (remaining at a parallel trend to the unaffected
provinces). Overall, our descriptive analysis shows that following the tsunami aggregate

® Aggregate data does not allow us to investigate how lending behaviour varies across banks. However, the
relatively high frequency of aggregate data allows us to construct a panel at monthly (rather than quarterly or
yearly) level. This alows us to capture the effects of the tsunami on our outcome variable of interest in atimely
fashion.

® Total credits is the term used by Bank of Thailand to describe the sum of loans, overdrafts and securities
investments on commercial bank balance sheets. Tota credits account for approximately 80% of total bank
assets over the period of the study.
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lending changes dramatically in the severely affected areas, while remaining stable in the
mildly affected and unaffected aress.

Insert Figure 2. Loan-to-total credits ratio of banks in affected and unaffected areas

near here

4. Methods and Results

In order to explore the impact of the tsunami on aggregate bank lending, we conduct a
more formal anaysis as follows. First, we investigate the impact of the tsunami on aggregate
bank lending across all affected provinces. This alows us to test formally our first
hypothesis, which contends that following the tsunami aggregate lending in affected
provinces declines. Second, we split the affected provinces into mildly affected and severely
affected areas. This allows us to test directly our second hypothesis which contends that
following the tsunami, aggregate lending in severely affected provinces declines more
significantly than in mildly affected provinces. Third, we investigate the lasting impact of the

tsunami (if any) on bank lending.

Tsunami effects on bank lending
In order to test our first hypothesis, we estimate the following difference-in-

differences mode!:

ALOAN;; = B. (TSUAFF;; x TIME, ) + y. ABRANCH; ;; + 9. ADEPOSIT, ;; + w. Trend; +

Time, + Location;; + & ;; (1a)

ALOAN;;is the change in aggregate outstanding loans (in THB millions) of
commercia banksin provincei in region j between month t and (t-1). In order to estimate the
change in bank lending, a more precise measure would be the monetary value of new loans
granted by banks between month t and (t-1). However, due to a lack of available data, loan
stock rather than flow is used. The use of loan stock makes it more difficult to draw

inferences regarding the change in new loans issued. However, given that non-performing
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loans are likely to increase following a disaster (leading to reduced loan repayments), a
decrease in loans outstanding would imply a decrease in new loans granted.”’

TSUAFF;; x TIME; is an interaction variable which is the product of an indicator

variable for tsunami affected areas (which equals one if affected and zero otherwise) and the
dummy for months after the tsunami (which equals to one for months following the tsunami
and zero otherwise). This variable captures the effects of the tsunami on bank lending. Given
that the tsunami occurred on the 26™ December 2004, January 2005 is considered as the first
month after the event. We estimate the model using a 24-month window around the tsunami
as the baseline, such that t runs from 1 (January 2004) to 24 (December 2005). Given that we
are testing whether there is a significant difference in terms of bank lending between affected
and unaffected provinces after the tsunami, 8 is the key parameter of interest. f < 0 implies
that bank lending in the affected provinces decreases following the tsunami compared to
unaffected areas. > 0 implies the opposite.

ADEPOSIT;; is the change in the aggregate deposits of commercial banks in province
i in region j between month t and (t-1) (in THB millions). We control for the changes in
deposits given that this is the main source of bank liabilities used to finance assets,
particularly in developing countries® We expect that higher aggregate bank deposits are
associated with more lending as loans are the major assets held by commercial banks.®

ABRANCH; ;¢ is the change in the number of branches of commercial banks in
provincei in region j between month t and (t-1). The number of branches may impact on the

aggregate level of bank loans extended to borrowers within a particular province. Physical

" Suppose L; and L., are outstanding loans at month t and month (t-1) respectively; Rg-1 are loan repayments
and N1, new loans granted during (t-1) and t monthly period; loans written-off are assumed to be zero because
we study a sample of commercial banks without lending direction from the government; the relationship
between outstanding loans from one month to the next can be expressed mathematically as: L; = L1 -Rg1,y N
1y (*). Asobserved L< Liq (**) therefore Ry.q, 1>N.1, - Given that non-performing loans tend to increase after
the disaster, Ry..1, ) would be more likely to decrease and consequently, new loans granted, N.q,  , would fall in
order for (*) and (**) to hold.

8 Thisisfairly accurate to the fact that within 24-month window around the tsunami, the loan-to-deposit ratio is
approximately 90% on average.

° Theinclusion of total deposits might lead to two potential issues. The tsunami can co-vary with deposits which
are correlated with loans as the outcome (‘included variables' bias) (Atanasov and Black, 2016) and bank
branches (multicollinearity bias). For example, deposits could decrease after the shock because firms and
households withdraw cash from banks in order to cope with losses. Deposits might also increase if firms and
households cash out insurance and deposit the money into banks while waiting for reconstruction of their fixed
assets. The second scenario, however, is less likely the case because of lacking insurance coverage. Branches,
on the other hand, tend to help banks to raise more deposits given the importance of physical presence
associated with banking businesses in Thailand. In order to check if these can cause biases, we first run a
difference-in-differences estimator in which deposits are considered as the outcome (instead of loans), the
results suggest no differences in deposits between tsunami affected and unaffected areas. Second, we run a
Spearman’s rank correlation test and find that correlation coefficients between deposits and branches are
relatively low. These findings alleviate our concerns.
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branches are used by banks to obtain (soft) information from their borrowers for lending
(Agarwal and Hauswald, 2010). Thisis especially the case in developing countries where soft
information on borrowers prospects and local knowledge play a significant role in loan
screening and credit judgments. This may be particularly true in lending to small businesses
where hard information and automated credit scoring technologies are limited or absent
(Udell, 2015). Extensive empirical evidence suggests that geographic proximity increases the
probability of commercial loans being approved (Brevoort and Hannan, 2006) and declinesin
loan rates (Degryse and Ongena, 2005).

Trend; is the growth rate of loan in region j between month t and (t-1). This variable
is included to capture the pre-treatment paralel trend assumption being associated with
difference-in-differences estimator (Atanasov and Black, 2016). Time and Location;; are
time- and province-fixed effects. ¢; ; is the error term. We estimate equation (1a) using OLS
with standard errors clustered at province level.

Even though unobservable fixed effects have been captured through differencing, one
major problem with (1a) is that some unobservable, but time-variant variables such as credit
demand and quality of borrowers in a province may also affect bank lending. Therefore, in
order to isolate the effects of the tsunami on bank lending, we control factors affecting bank
lending that are specific to provinces and which may change over time. As we do not have
data on the number of loan applications (which provides a useful proxy for credit demand),
we use the number and value of investment projects approved to firms (at regional level) to
measure credit demand. A higher number and value of projects approved would lead to an
increase in the demand for bank loans'®. The inclusion of these additional control variables
leads us to Equation (1b).

ALOAN;; = B.(TSUAFF;; x TIME,) + y. ABRANCH; ;; + 9. ADEPOSIT;;; + . ANOP,, +

. AVAP;; + w. Trend; + Time, + Location;; + €;;;  (1b)

ALOANi,]"t , TSUAFFL] X TIMEt, ABRANCHi,]"t and ADEPOSITL]I are defined as before.

191 solating shocks to loan supply from those to demand has always been an empirical challenge. It would be
more informative if we were able to obtain the value and number of projects approved to firms at province level
so as to infer about loan demand changes in the affected provinces after the tsunami. As aforementioned, an
increase in the value and number of investment projects are likely to be associated with a higher demand for
loan, meaning that the decline in lending is from the supply side. Alternatively, if a decrease in the value and
number of investment projects is observed, the decline in bank lending is likely a result of a reduction in loan
demand rather than supply. Hosono and Miyakawa (2015) provide an excellent discussion on how to tackle this
identification problem when data allow.
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ANOP;; is the change in the number of investment projects approved to firms in
region j between month t and (t-1). AVAP,; is the change in the value of investment projects
approved to firmsin region j between month t and (t-1) (in THB millions).

Table 2 reports the results from the estimation of Equation (1a) (the baseline) and
Equation (1b) (the baseline plus other regional control variables). The key estimate, B, is
negative and statisticaly significant (third row of Table 2). These results suggest that
following the tsunami bank lending in affected provinces declines more compared to
unaffected provinces. As the loan amount is measured in Thai Baht (THB) millions. The
magnitude of these coefficients indicates the difference in monetary value of bank lending.
These coefficients become larger when time- and province-fixed effects are added to the
origina model (Model 1 in Table 2). Averaged out across estimations, bank lending in
affected provinces declines by over THB150 million (around USD4 million) relative to
unaffected provinces.™

Turning to the bank control variables, the number of bank branches shows a positive
relationship with bank lending. This result is consistent with the evidence that physical
distance facilitates banks to collect, soft, information and consequently to increase lending
(Agarwal and Hauswald, 2010; Brevoort and Hannan, 2006).

Total bank deposits (where significant) exhibit a positive relation with bank lending.
This is unsurprising given that deposits are the predominant source of bank financing in
developing countries. Similarly, lending growth in the region is positively related to
provincia lending. Regional control variables such as the number and the value of investment
projects approved to firms are aso expected to be positively related to bank lending. These
two variables are used as indirect indicators of credit demand. However, none of these

coefficients are significant.

Insert Table 2. DiD in lending between the affected and unaffected provinces near here

Tsunami effectsin mildly and severely affected areas
In order to investigate whether the tsunami affects aggregate bank lending across
affected provinces differently, the affected provinces are divided into mildly and severely

affected provinces (based on the respective ratio of estimated damage and losses to total gross

1 The mean difference is calculated by averaging the key coefficients (the interaction between the tsunami and
post-tsunami months) across four models with credit demand control variables (Model 1b) in Table 2. Exchange
rate of THB35: 1USD isused for currency conversion.
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economic outputs the year before the tsunami, Table 1). We then examine the impact of the

tsunami on aggregate bank lending in severely and mildly affected provinces using Equation

().

ALOAN;; = 6. (MILD_TSUAFF;; x TIME, ) + €. (SEVERE_TSUAFF;; x TIME,) +
y.ABRANCH;; + 9. ADEPOSIT;; + u. ANOP;; + . AVAP, ; + w. Trend;; + Time; +

Location;; + € 2

MILD_TSUAFF;; x TIME; is the interaction between mildly affected provinces (Ranong,
Satun and Trang) and the months after the tsunami. SEVERE_TSUAFF;; x TIME; is the
interaction between severely affected provinces (Krabi, Phangnga and Phuket) and the
months after the tsunami. The base category is the interaction between unaffected provinces
and the months following the tsunami, which is dropped from the specification.

Table 3 presents the results of testing second hypothesis. The coefficients for the
interaction between mildly affected provinces and the post-tsunami period are statistically
significant in two (out of four) cases, while those for severely affected counterparts are
significant in all cases. Both mildly and severely affected provinces experience areduction in
aggregate bank lending compared to unaffected counterparts. However, when comparing the
magnitudes of these coefficients across the mildly and severely affected areas, those of the
former group are statistically and significantly higher than those of the latter, suggesting the
decline in aggregate bank lending to the severely affected provinces is much more
pronounced. Aggregate bank lending decreases in the severely affected areas by a factor
exceeding three compared to the decline observed in mildly affected provinces. Other control
variables exhibit a similar pattern with those reported in the combined affected group in
Table 2.

Insert Table 3. DiD in lending between mildly and sever ely affected provinces near here
The longer termimpact of the tsunami on aggregate bank lending
In this section, we explore the longer term impact of the tsunami on aggregate bank

lending. As proposed in our third hypothesis, the tsunami causes a long term impact on

aggregate bank lending. In order to test this hypothesis, we specify the models as shown in
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(3a) for the overall affected areas and (3b) where affected areas are divided into severely and

mildly affected categories.

ALOANi,j,t+m =
Bm- (TSUAFF;; X TIME 1) + Ym-ABRANCHj 14 + 9. ADEPOSIT; j ¢y +
Um-ANOP, ¢ + Ty AVAP py + @. Trend; ¢ + Time,, + Location;; + &jt4ym (38)

ALOANL]"H_m =
Om- (MILD_TSUAFF;; x TIME 41 ) + €. (SEVERE_TSUAFF;; x TIME 4, ) +
Y- ABRANCH;;j t4m + 9. ADEPOSIT;j tm + Hm- ANOP, iy + T AVAP; 1y +

w. Trend;; + Time,, + Location;; + € t+m (3b)

All variables are as defined in Equation (1b) and Equation (2). In Equation (3a) and
(3b), t represents the 12-month period prior to the occurrence of the tsunami; m represents
each additional month after the tsunami up until the tsunami effects dissipate. We anticipate a
diminishing effect of the tsunami. As a result, Bm, Omand e, (M=1, 2, 3, ..., d, whered isthe
month from which the impact of the tsunami dissipates) are expected to increase over time
from a large negative value toward zero. In other words, we expect that the difference in
lending between the unaffected and affected provinces will decline over time as the effects of
the shock diminish. There are d regressions to be estimated.

Figure 3 depicts the lasting impact of tsunami on bank lending. The effects of the
tsunami dissipate over time. The largest decline in aggregate bank lending is recorded three
months after the tsunami. Aggregate bank lending is THB500 million (USD14 million) less
in affected provinces compared to the unaffected counterparts. This difference narrows over
time, before dissipating completely 20 months after the tsunami. The relative coefficients
indicating these monetary values are statistically significant with the averaged p-value (across
four modelsin Table 4) of 0.11 in month 20.

A similar examination of the lasting effects of the tsunami across mildly and severely
affected provinces reveals that aggregate lending is only affected negatively in provinces
where the tsunami caused extensive damage. While the difference between the mildly
affected and unaffected provinces is small (THB200 million at peak at three months after the
tsunami) and the (positive) coefficients suggest an increase, not a decrease in lending in the

first nine months in the mildly affected group. The difference between the severely affected

Page 12 of 31



and unaffected provincesisindicated by negative coefficients, suggesting adeclinein lending
compared to the unaffected group. Three months after the tsunami, aggregate bank lending in
the severely affected provinces declines more than twice as much as that of the entire group
of affected provinces (THB1200 million). This result is particularly strong when estimated
using Model 2 and Model 4 (Table 4).

Taking the mildly affected group separately and comparing the coefficients and p
values over time, we find that the coefficients are positive in the first nine months (averaged
across four models), but become negative after month 10 (Figure 3) and the relative p value
becomes significant (Table 4, Mild, Model 1, Column 10, Row 12). This appears to suggest
that because the effects from the tsunami are mild, banks moved funds from severely affected
to mildly affected areas (which are geographically close to severely hit provinces) in the first
few months after the tsunami. Alternatively, it may take time for these (mild) effects to
manifest themselves to bank lending compared to severely affected provinces, which are
impacted immediately. However, this result should be treated with caution given the
aggregated nature of the data used.*

Insert Figure 3. The lasting effects of the tsunami on bank lending — averaged across

models near here

Insert Table 4. The lasting impact of the tsunami on lending — individual models near

here

Overdl, the results of our empirical analysis suggest that the Indian Ocean tsunami
significantly reduced aggregate bank lending in affected provinces. Through a 24-month
window around the tsunami, aggregate bank lending in the affected provinces is shown to
decrease by THB150 million (USD4 million) on average compared to lending in unaffected
areas. The results of our investigation within the affected provinces revea that the tsunami
generates a long lasting impact on aggregate lending (20 months). The largest decline in
aggregate lending takes place three months after the tsunami. The overall declinein aggregate

12 From these preliminary results, one could also hypothesize that the effects of the tsunami spread to the mildly
affected areas later but last longer because of, perhaps, relatively weaker economic infrastructures of these
provinces. The severely affected counterparts, even though being hit harder, would recover faster thanks to their
stronger economic conditions and government financial supports as a result of their larger contributions to the
national economy. Unfortunately, we could not test these hypotheses due to limited data availability.
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lending in affected provinces is driven by changes in aggregate lending in severely affected

provinces.

5. Robustness tests

In order to test the robustness of our empirical results, we first check the sensitivity of
the impact to the time window used. We narrow the original 24-month time window to 18-
month, 12-month and six-months, and then re-estimate Equation (1b). The results (reported in
Table 5) are consistent with the main findings above. Noticeably, the key coefficients for
longer time windows have smaller magnitudes than those for shorter time windows,
reflecting the diminishing effects of the tsunami over time.

Second, we test whether the estimated differential impact on aggregate bank lending
between the affected and unaffected provinces is attributable to the impact of the tsunami, or
whether in fact this arises from some other causes. We test this viaa set of placebo tests. This
is executed by changing the date of the tsunami occurrence to the years earlier and later than
December 2004. This s to assess whether the key parameters of interest are still significantly
(negative) different from zero. If thisis the case, the difference in aggregate bank lending has
been caused by factors other than the tsunami itself. The tsunami is falsified to occur in
December 2003 and then in December 2005. Table 6 presents the results of these estimations.
This test provides strong evidence that the tsunami caused the observed changes in aggregate
bank lending.

Our modelling approach assumes that there is no serial correlation in the differenced
errors. We check if this assumption is supported by applying a fixed-effects estimator. The
results from these estimations, reported in Table 7a (time-demeaned), are consistent with
those produced by the difference-in-differences estimator.

Another inherent limitation of difference-in-differences method is the inconsistency
of the standard error of the key estimate because the outcomes are serialy correlated
(Bertrand et a., 2004). This could be the case as we use a long time series of 24-month
window around the tsunami. In order to address this problem, we ignore the time series by
averaging the variables into two periods, the pre- and post-tsunami, and re-estimate Equation
(1b). The results, shown in Table 7b (time-collapsed) confirm our earlier results.

Difference-in-differences estimates could be biased if one of the explanatory does not
change much over the study period. This type of bias could exist in our study with the
number of bank branches in each province. As we use monthly data to capture the timely

effects of the tsunami, the number of bank branches does not change from one month to the
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next in many cases. Therefore, we replace the change in number of bank branches
(differences) with the number of branches (levels). We use a lag of one month to allow the
delayed effects of branching presence on lending. The results reported in Table 8 show a
consistent outcome with those generated previoudly.

Furthermore, a critical, but factual, assumption underlying the difference-in-
differences approach is that the lending outcome in treatment and control group should
follow a common trend in the absence of treatment. Even though we have added loan growth
in our estimation and visual evidence in Figure 2 lends some support to this assumption, we
carry out two additional tests. First, as the tsunami struck six provinces in the South of
Thailand, we narrow our control group to those provinces in Southern region which we
believe share common characteristic in loan growth with the affected provinces because of
their similarities in terms of social and economic developments. The results of this robustness
test are shown in Table 9. The main findings are supported.

Second, we employ propensity score matching to match affected with unaffected
provinces. In doing so, we first estimate a probit model based on our original sample of 50
provinces in the month immediately before the tsunami. The dependent variable equals one if
the province was affected by the tsunami and zero otherwise. The probit model includes
province-variant variables similar to our baseline model (Model 1a). However, the loan
growth is defined as the average growth of loan over three months preceding the tsunami in
order to help satisfy the paralel trend assumption. From the probit estimation, we use the
propensity scores predicted and conduct a one-to-one nearest-neighbour matching procedure
to match the tsunami affected provinces with those unaffected. The differences in propensity
scores are set to be less than 0.01. After matching, we have four matched pairs of provinces.
We then re-run our estimations on the matched sample using Equation (2) for different
windows as reported in Table 10. The results from this estimation are also consistent with our

main findings.™®

Table 5. DIiD in lending between affected and unaffected provinces — different tsunami
windows near here
Table 6. DID in lending between affected and unaffected provinces — artificial tsunami

datenear here

13 None of the coefficients in the probit model are statistically significant. This supports the assumption that the
tsunami is an exogenous event.
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Table 7. The effects of the tsunami on lending between affected and unaffected
provinces —fixed effects estimators near here

Table 8. DID in lending between affected and unaffected provinces — branch levels near
here

Table9. DiD in lending — using neighbour provinces asa control group near here

Table 10. DIiD in lending — using the propensity scores matched sample as a control

group near here

6. Conclusion

The supply of bank credit is of crucial importance for the health of the economy. This
is especially the case in developing countries where bank credit is the predominant source of
finance to households and firms. To date, most studies that have investigated the effects of
exogenous shocks on bank credit supply are confined to devel oped economies. The paucity of
evidence for developing economies motivates the present study, where exploit the Indian
Ocean tsunami in December 2004 as an exogenous shock in order to study its causal effects
on aggregate commercial bank lending in Tha provinces.

We test a series of hypotheses. First, we examine whether aggregate lending in
affected provinces decreases after a tsunami. Second, we investigate whether following a
tsunami, adecline in lending in severely affected provinces is more significant than in mildly
affected locations. Finally, we investigate whether a tsunami generates a long term effect on
aggregate bank lending.

Employing the difference-in-differences estimator we find that following a tsunami
there is a significant decline in the aggregate supply of credit to affected areas. Our analysis
of gpatial variations among the affected provinces shows that these results are driven by
changes taking place in provinces that were severely affected by the tsunami. These results
arerobust to a variety of sensitivity checks and searches for aternative causes.

As such, the findings of this study are of relevance to government agencies tasked
with monitoring the flow of credit to the real economy during settled and unsettied periods.
Further research could usefully engage in compiling dis-aggregated data so as to establish the
effects of a severe weather shock on the lending and investment decisions of banks in

developing countries at micro-level.
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Figure 1. Tsunami affected provincesin Thailand

The affected area

Indian Ocean

Earthquake {D

(19) (1b)

Note:

Figure 1a shows the epicentre of the earthquake that generated the Indian Ocean tsunami in 2004 and the
geographic location of Thailand. Figure 1b highlights six provinces affected by the tsunami in the South. The
severely affected areais coloured black (Krabi, Phannga and Phuket) while the less affected provinces (Ranong,
Satun and Trang) is in (dark) grey. The unaffected locations are in white. The severity is classified based on
estimated losses over previous year provincial domestic economic outputs (Asian Disaster Preparedness Centre,

2006).
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Figure 2. Loan-to-total-credits ratio of banksin affected and unaffected ar eas
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Note:

This figure graphicaly compares changes in bank lending among the unaffected, severely affected and mildly affected
provinces in Thailand after the Indian Ocean tsunami that occurred on the 26" December 2004. Loan-to-total credits is
defined as the ratio of outstanding loans over total credits, a sum of loans, overdrafts and securities investment which
accounts for 80% of total bank assets. The loan-to-total-credits ratio is constructed based on monthly aggregate data by
provinces on commercia banks from Bank of Thailand. The severely affected group consists of three provinces, Krabi,
Phangnga and Phuket and the mildly affected group includes Ranong, Satun and Trang. The provinces hit by the tsunami and
severity are based on data from Asian Disaster Preparedness Centre (2006). The unaffected areas include other provinces but
exclude Bangkok.
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Figure 3. Thelasting effects of the tsunami on lending — aver aged across models
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Note:

The figure shows the difference-in-differences (DiD) in lending between the tsunami affected and unaffected
provinces over m months after the tsunami (m = 1, 2, 3,..., 20). The difference is indicated by B, (Equation 3a)
(between all provinces affected and unaffected), 0,, (between mildly affected and unaffected) and €, (between
severely affected and unaffected) (Equation 3b). These parameters are averaged across four models estimated
using Equations (3a) and (3b) as shown below.

ALOAN;j;m = B (TSUAFF;; X TIME,, ;) + YmABRANCH, 11 + 9,y ADEPOSIT; 41 + @. Trend; e +
UmANOP, ¢y + T AVAP, (1, + Time,, + Location;; + & j.m (39)

ALOANi,j,t+m =

0 (MILD_TSUAFF;; X TIME 4, ) + €1, (SEVERE_TSUAFF;; X TIME 41y ) + Y ABRANCH; j try +
9mADEPOSIT; 4 m + w. Trendj i + WnANOP, ¢4y + T AVAP, iy + Time,p, + Location;; + € c4m (3D)

The p-values are the average p-values of B, across four models. The individual coefficients and relevant p-
values for each model are reported in Table 4. Model 1 is without time- and province-fixed effects. Model 2 is
with province-fixed effects only. Model 3 is with time-fixed effects only. Model 4 is with both time- and
province-fixed effects.
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Table 1. The tsunami economic impact in Thailand by province

Groups Provinces Damage-to-GPP  Loss-to-GPP  Impact-to-GPP

(by order of severity) ratio (%) ratio (%) ratio (%)

1) 2 1 +@
Severely affected  Phuket 10.4 79.7 90.1
provinces Krabi 15.4 53.3 68.7
Phangnga 42.0 25.9 67.9
Mildly affected Ranong 4.2 12.0 16.2
provinees Satun 3.4 2.8 6.2
Trang 0.8 5.2 6.0
Averages Severely affected 22.6 53.0 75.6
Mildly affected 2.8 6.7 9.5
All affected 115 38.2 49.7

Note:

This Table is constructed based on data from Table 5.2 (p.21) in the report on the economic impact of the Indian
Ocean tsunami in Thailand by Asian Disaster Preparedness Centre (ADPC) (2006). ADPC collected information
from, including interviews with, 11 various governmental bodies in Thailland and three internationa
organisations (World Bank, Food and Agriculture Organisation and World Health Organisation). In order to
ensure the validity and accuracy of the results as well as the compatibility with the assessments from other
countries, ADPC used the disaster assessment methodology originally developed by the United Nations
Economic Commission for Latin America and the Caribbean which was also used to a varying degree in the
national disaster evaluations led by the World Bank. The total impact is the cumulative damage and losses of
three sectors. social sector (housing, education and health), production (agriculture, livestock, fisheries,
industry, commerce and tourism) and infrastructure (water supply, electricity, transport and communications and
others). The affected provinces are ranked in the order of severity which isindicated by the total impact over the
provincial economic outputs. GPP denotes Gross Provincial Product.
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Table 2. DiD in lending between affected and unaffected provinces

Model 1 Model 2 Model 3 Mode 4
B(ii)c Control (1b) Bgi)c Control (1b) B(ii)c Control (1b) Bgi)c C?ﬂt);d
Tsunami x time -164.11*** -140.17*** -159.13* -159.12* -169.82*** -146.11***  -180.35**  -175.05**
(46.34) (47.84) (82.53) (85.90) (47.61) (51.97) (72.75) (73.90)
No. of branches 129.63*** 111.98*** 49.71%** 71.16%** 135.67*** 120.72*** 51.60%** 75.89%**
(26.92) (15.08) (15.45) (17.15) (29.77) (17.10) (16.24) (19.73)
Total deposits 0.03*** 0.05 0.01 -0.07 0.03*** 0.05 0.01 -0.11
(0.01) (0.06) (0.01) (0.05) (0.01) (0.09) (0.01) (0.09)
Trend 8900.48***  8144.61*** 9035.55***  8131.52*** 8229.47%* 8934.91** 7987.25**  9052.55**
(2386.36) (2574.25) (2498.00) (2607.80) (3823.44) (4398.14)  (4039.31) (4340.52)
No. of projects 1.06 0.15 -1.66 -0.81
(1.30) (1.38) (1.43) (1.35)
Value of -0.00013 -0.00058 -0.00011 0.00004
investment (0.00160) (0.00148) (0.00110) (0.00126)
Province-fixed No No Yes Yes No No Yes Yes
effects
Time-fixed No No No No Yes Yes Yes Yes
effects
No. of provinces 75 50 75 50 75 50 75 50
No. of 1,725 1,150 1,725 1,150 1,725 1,150 1,725 1,150
observations
R? 0.18 0.21 0.37 0.34 0.19 0.22 0.37 0.35
Note:

This Table reports the difference-in-differences in lending between affected and unaffected provinces. The dependent
variable is the change in lending of commercia banks at aggregate level in province i a month t as defined in Equation (1a)
for basic results; for the control results, see Equation (1b) with control variables of the region. The main independent
variable of interest is the interaction between the tsunami affected province and the months following the tsunami. Model 1
is without time- and province-fixed effects. Model 2 is with province-fixed effects only. Model 3 is with time-fixed effects
only. Model 4 is with both time- and province-fixed effects. The estimation is based on 24-month window around the
tsunami. The number of provinces drops because regional level data for the central region are not available (25 provinces).
Robust standard errors clustered at province level are in parentheses. *, ** and *** denote significant level at 10%, 5% and

1%, respectively.

ALOAN;; = B. (TSUAFFL]- X TIMEt) +y.ABRANCH;; + 9. ADEPOSITj;; + w. Trend; + Time, + Location;; + & (1a)
ALOAN;; = B. (TSUAFFU- X TIMEt) +v.ABRANCH;; + 9. ADEPOSIT;; + w. Trend;; + p. ANOP, ¢ + . AVAP, ; +
Time, + Location;; + & (1b)

Page 23 of 31



Table 3. DiD in lending between mildly and sever ely affected provinces

Model 1 Model 2 Model 3 Model 4

Mildly-affected x time -78.80%** -4.36 -83.43** -18.90
(26.76) (13.66) (33.61) (37.29)

Severely-affected x time -201.50%** -314.98%** -208.75%** -332.73%**
(64.03) (101.44) (72.86) (96.85)

Difference (Severe — Mild) -122.7* -310.62%** -125.32* -313.84***
(64.09) (100.19) (65.71) (107.60)

No. of branches 112.59*** 69.62%** 121.39*** 74.14%**
(15.12) (17.50) (17.21) (20.01)

Total deposits 0.05 -0.08 0.05 -0.12
(0.06) (0.06) (0.09) (0.10)

Trend 8143.55%** 8135.40*** 8928.01** 9062.52**
(2573.92) (2609.93) (4399.54) (4347.67)

No. of projects 1.07 0.13 -1.67 -0.78
(2.30) (1.38) (2.43) (1.35)

Value of investment -0.00013 -0.00059 -0.00011 0.00005
(0.00160) (0.00147) (0.00110) (0.00127)

Province-fixed effects No Yes No Yes
Time-fixed effects No No Yes Yes
No. of provinces 50 50 50 50
No. of observations 1,150 1,150 1,150 1,150
R? 0.21 0.35 0.22 0.35

Note:

This Table reports the difference-in-differences in lending between mildly and severely affected provinces. The
dependent variable is the change in lending of commercial banks at aggregate level in province i at month t as
defined in Equation (2). The main independent variables of interest are the interactions between the provinces
mildly affected and those severely affected and the months following the tsunami. The base is the interaction
between the unaffected areas and the time after the tsunami. We test the difference of the coefficients between
severely and mildly affected areas as indicated by Difference (Severe — Mild). Model 1 is without time- and
province-fixed effects. Model 2 is with province-fixed effects only. Model 3 is with time-fixed effects only.
Model 4 is with both time- and province-fixed effects. The estimation is based on 24-month window around the
tsunami. Robust standard errors clustered at province level are in parentheses. *, ** and *** denote significant
level at 10%, 5% and 1%, respectively.

ALOAN;; = 6.(MILD_TSUAFF;; x TIME,) + €. (SEVERE_TSUAFF;; x TIME,) + y. ABRANCH; ;; +
9.ADEPOSIT;j; + w. Trend;; + . ANOP, ; + m. AVAP, + Time + Location;; + &;; (2)
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Table4. Thelasting impact of the tsunami on lending —individual models

t+m Affected - All Severe Mild
Model Model Model Model Model Model Model Model Model Model Modd  Model
1 2 3 4 1 2 3 4 1 2 3 4
t1 -26.0 -68.6 -24.6 -74.3 83.8 -67.5 84.6 -73.1 -135.8 -69.6 -133.7 -75.5
N (0854) (0525 (0.869) (0492 | (0.718)  (0.648) _ (0.726) _ (0.622) | (0.230) _ (0.520) _(0.249) _(0.490) |
t+2 -473.9 -487.4 -517.5 -559.8 -1091.3 -1199.1 -1133.9 -1269.3 135.3 219.0 94.8 147.1
N (0112) _(0173) _(0.084) _(0.129) | (0.015) _ (0.030) _ (0.012) _ (0.025) | (0.080) _ (0.025) (0.269) _(0.129) |
t43 -470.5 -484.2 -515.0 -550.2 | -1127.7 -1239.9 -1169.6 -1302.4 171.3 259.6 129.6 194.3
R (0.116) __(0.190) ___(0.095) __(0.157) | (0.015) _ (0.034) _ (0.013) _ (0.031) | (0.044) __(0.013) _(0.123) (0.033)
t+4 -355.7 -372.6 -389.5 -429.0 -850.3 -974.9 -881.7 -1030.9 1315 221.2 99.5 164.8
N (0.106) __ (0.193) ~_ (0.092) _(0.166) | (0.014) ~ (0.039) _ (0.013) _ (0.037) | (0.066) __ (0.019)  (0.133) (0.027) |
t45 -274.5 -293.6 -300.5 -336.1 -668.2 -796.3 -693.9 -839.4 116.1 205.3 91.3 162.6
R (0.107) __(0.209) ___(0.093) __(0.182) | (0.012) _ (0.039) _ (0.011) _ (0.038) | (0.070) ___(0.017) (0.140) _(0.024)
46 -223.5 -246.2 -240.3 -278.1 -533.6 -669.5 -550.8 -703.2 85.8 174.0 69.7 142.2
R (0.094) __(0.208) __(0.084) __(0.185) | (0.008) _ (0.038) _ (0.007) _ (0.087) | (0.100) ___(0.019) (0.180) _(0.026)
t+7 -211.6 -237.4 -223.3 -254.0 -439.1 -572.4 -451.9 -590.0 15.9 92.6 94.8 775
R (0052) __(0.169) __(0.023) _(0.105) | (0.001) _ (0.024) _ (0.001) _ (0.016) | (0.513) ___(0.006) _(0.917) _(0.184)
t48 -168.6 -196.3 -176.2 -210.4 -329.7 -467.5 -337.9 -484.2 -7.4 70.5 -14.4 58.4
N (0029) _(0.152) ~_(0.014) _(0.088) | (0.000) _ (0.013) _ (0.000) _ (0.009) | (0.721) _ (0.006) _(0.699) _(0.243) |
t49 -147.4 -173.5 -153.4 -188.2 -274.5 -411.3 -281.0 -429.1 -20.2 60.8 -25.7 48.2
I (0.021) __(0.144) _(0.013) __(0.082) | (0.000) _ (0.012) _ (0.000) __ (0.008) | (0.308) ___(0.011) (0.450) _(0.295)
t++10 -169.0 -194.4 -1725 -200.3 -283.3 -406.9 -287.9 -416.3 -54.7 15.0 -57.2 12.4
R (0.009) __(0.106) ___(0.005) __(0.052) | (0.000) _ (0.012) _ (0.000) _ (0.008) | (0.020) ___(0.196) _(0.112) (0.784)
411 -144.4 -169.9 -151.9 -180.0 -226.2 -352.6 -235.0 -364.2 -62.5 105 -69.0 1.8
S (0.006) __(0.101) ~_ (0.006) __(0.035) | (0.000) _(0.010) _ (0.001) _ (0.004) | (0.011) _ (0.377) _(0.060) _(0.967) |
412 -140.2 -159.1 -146.1 -175.0 -201.5 -315.0 -208.8 -332.7 -78.8 -4.4 -83.4 -18.9
U (0.005) __ (0.070) __(0.007) __(0.022) | (0.003) _(0.003) _ (0.006) _ (0.001) | (0.005) _ (0.751) (0.017) _(0.615) |
13 -116.7 -132.1 -124.3 -145.9 -150.7 -256.3 -160.1 -270.5 -82.8 -8.6 -88.6 -22.3
I 0.021) __(0.067) __(0.028) __(0.023) | (0.073) _ (0.003) _ (0.081) _ (0.001) | (0.006) __(0.587) _(0.012) (0.528)
414 -108.2 -119.2 -115.0 -132.6 -127.4 -225.4 -136.6 -238.8 -89.1 -135 -935 -27.1
S (0.038) _(0.059) _(0.049) (0022 | (0.169) (0.002) _ (0.171) _ (0.001) | (0.005) _ (0.421)  (0.009) _(0.433) |
t+15 -105.7 -112.1 -111.8 -125.9 -119.0 -208.6 -128.2 -222.2 -92.4 -16.1 -95.6 -30.2
U (0.049) __(0.060) __ (0.061) ~_(0.024) | (0.226) ~_ (0.003) _ (0.221) _ (0.002) | (0.004) _ (0.379) _(0.007) _(0.380) |
t+16 -96.8 -103.8 -103.0 -116.8 -106.4 -195.8 -115.5 -208.4 -87.4 -12.1 -90.5 -25.7
I (0.055) __(0.062) ___(0.066) __(0.025) | (0.255) _ (0.004) _ (0.245) _ (0.003) | (0.002) ___(0.405) _(0.005) _(0.427)
417 -86.6 -96.3 -93.9 -109.9 -88.1 -182.5 -98.4 -195.6 -85.1 -10.7 -89.5 -24.7
U (0.092) _ (0.067) __(0.0%) __(0.028) | (0.366) _ (0.005) _ (0.337) _ (0.004) | (0.003) _ (0.464) _(0.005) (0.433) |
t+18 -76.8 -87.0 -81.3 -99.3 -70.9 -164.0 -78.3 -176.4 -82.6 -104 -84.3 -22.7
U (0143) _(0.074) _(0.158) ~_(0.038) | (0.483) (0.010) _ (0.459) _ (0.010) | (0.003) _ (0.466) _(0.006) _(0.469) |
t+19 -74.4 -84.4 -80.2 -97.4 -64.9 -157.5 -73.4 -170.9 -83.9 -11.5 -87.1 -24.3
I (0.155) __(0.073) __(0.159) __(0.036) | (0.520) _ (0.012) _ (0.484) _ (0.010) | (0.003) _ _(0.408) _(0.005) _(0.430)
420 -72.2 -81.7 -78.3 -95.9 -55.1 -147.7 -63.8 -162.5 -89.3 -15.9 -92.8 -29.6
(0.172) (0.070) (0.170) (0.034) (0.589) (0.017) (0.546) (0.014) (0.001) (0.233) (0.002) (0.323)
Note:

This Table reports 240 coefficients indicating the difference in commercia bank lending (in THB million) between affected
and unaffected provinces (B, in Equation 3a) and the difference in lending among unaffected, mildly (6, in Equation 3b) and
severely (ep, in Equation 3b) affected provinces after m month from the tsunami in December 2004. We run 160 OLS
regressions (4 models x 20 months x 2 DiD estimators) in total. The p-values are in parentheses.

The difference-in-differences between affected and unaffected areas are estimated using Equation (3a):

ALOAN;j ¢4m = (TSUAFF;; x TIME;y 1) + YmABRANCH; j t4m + 9mADEPOSIT;j 1 + . Trend; ym + WmANOP, 4 +

T AVAP, i ym + Timey,n, + Location;; + & 1+m (39)

The difference-in-differences between mildly-, severely-affected and unaffected areas are estimated using the equation (3b):
ALOAN;j ¢+m = 6y (MILD_TSUAFF;; X TIME1,) + € (SEVERE_TSUAFF;; X TIME (4 ) + YmABRANCH; j ¢4 +
9mADEPOSIT;j t4m + w. Trend; cym + HmANOP; (4 + T AVAP, ¢4y + Timegy,, + Location; + & j+m (3b)

The base is the unaffected group in both equations. The original period is 12-month before the tsunami. Model 1 is without
time- and province-fixed effects. Model 2 is with province-fixed effects only. Model 3 iswith time-fixed effects only. Model
4 iswith both time- and province-fixed effects. The standard errors are clustered at province levels. The VIF tests which are
conducted for all regressions show no serious multicollinearity. Total humber of observations ranges from 600 (m=1, 13
months x 50 provinces) to 1,550 (m=20, 32 months x 50 provinces); we lose 50 observations in each estimate because of the
differencing. Mildly-affected provinces are those with damages and losses of less than 20% and severely-affected provinces
of more than 60% of the respective provincial GDP a year before the tsunami, for further details, please see Table 1. Other
details are not reported to save space and available upon request. The average coefficients and p-values of B, (Equation 3a)
are presented in Figure 3.
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Table5. DiD in lending between affected and unaffected provinces— different tsunami windows

Model 2 Model 3 Mode 4
18-month 12-month 6-month 18-month 12-month 6-month 18-month 12-month 6-month
Tsunami x time -175.04* -237.62 -467.94 -152.70*** -242.87* -517.08* -191.18* -279.42 -549.48
(113.70) (183.05) (373.56) (59.06) (137.08) (295.02) (104.15) (204.16) (408.18)
No. of branches 60.90*** 49.88 65.23 120.47*** 66.01** 58.52* 64.62%** 51.88 67.43
(20.76) (47.74) (53.81) (15.69) (26.94) (33.12) (22.15) (48.81) (57.41)
Total deposits -0.13 -0.13 -0.03 -0.05 -0.10 -0.16 -0.17 -0.15 -0.07
(0.10) (0.14) (0.12) (0.13) (0.16) (0.19) (0.14) (0.14) (0.12)
Trend 8372.83***  8499.52** 7692.92* * 8948.18** 7673.66** 5193.11** 9122.04**  8225.11** 6697.90**
(3043.22)  (3717.92)  (3561.95) (4406.00) (3542.23)  (2562.96) (4410.06)  (3713.99)  (3237.71)
No. of projects 0.76 -0.47 2.36 -0.64 0.41 1.99 0.15 0.59 5.54
(2.54) (1.62) (4.25) (1.70) 1.71) (5.13) (1.65) (1.88) (7.87)
Vaue of -0.0001 0.0002 -0.0033 0.0003 0.0014 0.0116 0.0006 0.0005 -0.0011
investment (0.0015) (0.0036) (0.0072) (0.0010) (0.0043) (0.0114) (0.0013) (0.0042) (0.0132)
Province-fixed
effects Yes Yes Yes No No No Yes Yes Yes
Time-fixed
effects No No No Yes Yes Yes Yes Yes Yes
No. of 50 50 50 50 50 50 50 50 50
provinces
No. of . 900 600 300 900 600 300 900 600 300
observations
R 0.27 0.26 0.33 0.19 0.18 0.22 0.28 0.26 0.34
Note:

This Table reports the difference-in-differences in lending between affected and unaffected provinces using different
windows around the tsunami. The dependent variable is the change in lending of commercia banks at aggregate level in
province i at month t as defined in Equation (1b). The main independent variable of interest is the interaction between the
tsunami affected province and the months following the tsunami. Model 1 iswithout time- and province-fixed effects. Model
2 iswith province-fixed effects only. Model 3 is with time-fixed effects only. Model 4 is with both time- and province-fixed
effects. Model 1 (without time- and province-fixed effects also produces similar results but not reported to save space. The
estimation is based on 18-month, 12-month and six-month windows around the tsunami. The number of provinces drops
because regiona level data for the central region are not available (25 provinces). Robust standard errors clustered at
province level are in parentheses. *, ** and *** denote significant level at 10%, 5% and 1%, respectively. *indicates a
significant level at 15%.
ALOAN;; = B. (TSUAFFi,j x TIME,) +7. ABRANCH; ;¢ + 9. ADEPOSIT; ¢ + w. Trend; + p. ANOP;; + . AVAP;; +
Time; + Location;; + & (1b)
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Table 6. DiD in lending between affected and unaffected provinces - artificial tsunami date

Model 1 Model 2 Model 3 Model 4

2003 2005 2003 2005 2003 2005 2003 2005

Tsunami x time 18.54 20.88 5.18 196.16 21.47 7.66 6.31 196.91

(51.82) (108.79) (26.76) (139.48) (52.19) (99.43) (28.06) (129.82)

No. of branches 18.88 157.78*** -10.94 74.66*** 21.30 164.76*** -11.93  78.42***

(13.10) (25.16) (12.50) (19.54) (14.45) (28.45) (14.38) (23.16)

Tota deposits 0.16*** 0.11** 0.07** -0.03 0.18*** 0.13** 0.08** -0.06

(0.04) (0.05) (0.03) (0.05) (0.04) (0.06) (0.04) (0.06)

Trend 6464.17***  8023.89***  6371.43***  8137.29***  6562.19*** 8818.29**  6306.90*** 9115.58**

(1483.92) (2524.48) (1681.40) (2615.73) (1608.84)  (4235.36) (2213.13)  (4354.25)

No. of projects -1.20 2.90** -0.41 0.99 -1.29 0.30 -0.37 0.28

2.27) (1.31) (2.13) (2.33) (1.52) (2.99) 2.27) (1.87)

Value of investment 0.0006 -0.0005 0.0002 -0.0005 -0.0003 -0.0021 0.0001 0.0001

(0.0006) (0.0042) (0.0005) (0.0041) (0.0011) (0.0059) (0.0011) (0.0059)

Province-fixed No No Yes Yes No No Yes Yes
effects

Time-fixed effects No No No No Yes Yes Yes Yes

No. of provinces 50 50 50 50 50 50 50 50

No. of observations 1,150 1,150 1,150 1,150 1,150 1,150 1,150 1,150

R? 0.20 0.23 0.33 0.43 0.21 0.24 0.37 0.44

Note:

This Table reports the difference-in-differences in lending between affected and unaffected provinces using artificial tsunami
dates. The estimation is based on 24-month window around the artificial tsunami date which is falsified to have occurred one
year before (in December 2003) and after (in December 2005) the actual tsunami date. The dependent variable is the change
in lending of commercial banks at aggregate level in province i at month t as defined in Equation (1b). Model 1 is without
time- and province-fixed effects. Model 2 is with province-fixed effects only. Model 3 is with time-fixed effects only. Model
4 is with both time- and province-fixed effects. The number of provinces drops because regiona level data for the central
region are not available (25 provinces). Robust standard errors clustered at province level are in parentheses. *, ** and ***
denote significant level at 10%, 5% and 1%, respectively.

ALOAN;;; = B.(TSUAFF;; x TIME,) + y. ABRANCH ¢ + 9. ADEPOSIT;;; + w. Trend; + u. ANOP;; + 7. AVAP, +

Time; + Location;; + & (1b)
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Table 7. The effects of the tsunami on lending between affected and unaffected provinces —fixed effects

estimator

(7a) Differencein lending

(7b) Differencein lending

(time-demeaned) (time-collapsed)
Model 1 Model 3 Model 1
Tsunami X time -1858.93** -1918.97** -2004.33**
(785.69) (801.37) (1002.64)
No. of branches 185.43*** 183.25*** 10.10
(57.53) (51.96) (95.22)
Total deposits 0.48*** 0.46** 0.84***
(0.14) (0.23) (0.31)
Trend 7338.16** 3675.97 324.17
(3612.77) (4572.00) (4957.98)
No. of projects 7.20 -0.86 -8.39
(9.12) (18.53) (147.30)
Value of investment 0.0084 0.0036 0.0980
(0.0080) (0.0142) (0.3921)
Time-fixed effects No Yes No
No. of provinces 50 50 50
No. of observations 1,150 1,150 100
R? 0.95 0.95 0.96

Note:

This Table reports the difference-in-differences in lending between affected and unaffected provinces using
fixed-effects estimator on time-demeaned and time-collapsed samples. The dependent variable is the lending of
commercial banks at aggregate level in province i at month t as shown in Equation (1b').The results of (7a) are
produced by applying the fixed effects estimator (time-demeaned data). The time-collapsed data (7b) are the
values of relevant variables averaged for the pre- and post-tsunami periods separately. The fixed effects are then
applied to the data to generate the result in (7b) (of which the main variable of interest isidentical to difference-
in-differences as t = 2). The estimation result with time-fixed effects for (7b) is not shown because of
multicollinearity due to limited points of time. For further details of these variables, see Equation (1b). Model 1
is without time-fixed effects. Model 3 is with time-fixed effects. The number of provinces drops because
regional level data for the central region are not available (25 provinces). Robust standard errors clustered at
province level arein parentheses. *, ** and *** denote significant level at 10%, 5% and 1%, respectively.
LOAN;;, = B.(TSUAFF;; x TIME,) + y. BRANCH;;; + 9. DEPOSIT,;, + w. Trend;, + . NOP,, + . VAP, +

Time + &, (1b’)
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Table 8. DiD in lending between affected and unaffected provinces - branch levels

Modd 1 Model 2 Mode 3 Model 4

Tsunami x time -133.02** -251.51* -134.26%** -237.65*
(52.26) (128.40) (48.38) (126.26)

No. of branches 5.16*** 27.63** 5.26*** 30.17**
(1.14) (10.91) (1.18) (12.07)

Total deposits -0.02 -0.07 -0.05 -0.11
(0.05) (0.06) (0.08) (0.09)

Trend 8568.37*** 8049.31*** 9494.34** 9284.60**
(2628.46) (2670.33) (4409.20) (4304.58)

No. of projects 0.24 0.31 0.17 0.66
(1.69) (1.67) (1.29) (1.32)

Value of investment 0.00001 -0.00004 -0.00007 -0.00014
(0.00131) (0.00111) (0.00116) (0.00137)

Province-fixed effects No Yes No Yes
Time-fixed effects No No Yes Yes
No. of provinces 50 50 50 50
No. of observations 1,150 1,150 1,150 1,150
R? 0.26 0.34 0.27 0.35

Note:

This Table reports the difference-in-differences in lending between affected and unaffected provinces using
number of branches. The results are estimated based on the replacement of the change in (in Equation 1b) with
the lagged number of branches (the LEVEL_BRANCH variable as shown in Equation 1b"’ below). The
dependent variable is the change in lending of commercial banks at aggregate level in province i a month t.
Other variables are as defined in Equation (1b). Model 1 iswithout time- and province-fixed effects. Model 2 is
with province-fixed effects only. Model 3 is with time-fixed effects only. Model 4 is with both time- and
province-fixed effects. The estimation is based on 24-month window around the tsunami. Robust standard errors
clustered at province level are in parentheses. *, ** and *** denote significant level at 10%, 5% and 1%,
respectively.

ALOAN;;, = B. (TSUAFF;; x TIME,) + y'. LEVEL_BRANCH; (-, + 9. ADEPOSIT, ;, + w. Trend;, +

w.ANOP; + . AVAP; + Time; + Location;; + & (1b"")
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Table 9. DiD in lending — using neighbour provinces as a control group

Modd 1 Model 2 Mode 3 Model 4
Tsunami x time -185.46** -164.22* -263.15* -299.20*
(81.20) (93.94) (151.05) (160.96)
No. of branches 106.04%** 73.94*** 115.65%** 79.62%**
(19.22) (21.50) (24.20) (23.75)
Total deposits 0.06 -0.12 0.09 -0.15
(0.16) (0.17) (0.23) (0.25)

Trend 9010.43** 9370.59**
(4028.21) (4110.60) -- --
No. of projects 0.05 0.99 -3.47 1.82
(3.42) (3.27) (6.72) (5.84)
Value of investment -0.0041 -0.0019 0.0771 0.0772
(0.0281) (0.0261) (0.0673) (0.0646)
Province-fixed effects No Yes No Yes
Time-fixed effects No No Yes Yes
No. of provinces 14 14 14 14
No. of observations 322 322 322 322
R? 0.22 0.33 0.23 0.34

Note:

This Table reports the difference-in-differences in lending between affected and unaffected provinces using
provinces in Southern region as a control group. The estimation is based on 24-month window around the
tsunami date using lending data to provinces within Southern region which has 14 provinces. Six out of these 14
provinces are affected by the tsunami. The dependent variable is the change in lending of commercial banks at
aggregate level in province i at month t as defined in Equation (1b). Model 1 iswithout time- and province-fixed
effects. Model 2 is with province-fixed effects only. Model 3 is with time-fixed effects only. Model 4 is with
both time- and province-fixed effects. The variable indicated ‘Trend’ is dropped in Model 3 and 4 because of
multicollinearity. Robust standard errors clustered at province level are in parentheses. *, ** and *** denote
significant level at 10%, 5% and 1%, respectively.

ALOAN; = B. (TSUAFF; x TIME,) + y. ABRANCHj + 9. ADEPOSIT;; + w. Trend, + p. ANOP; + 1. AVAP, +
Time, + Location; + & (1b)
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Table 10. DiD in lending — using the propensity scores matched sample as a control group

Mode 2 Mode 3 Mode 4
12-month  18-month 24-month | 12-month  18-month  24-month | 12-month 18-month  24-month
Mildly-affected x time 178.3* 52.62* 10.16 127.4 78.33 22.43 141.7 108.3* 63.05
(90.53) (27.57) (15.49) (73.30) (46.78) (30.35) (90.19) (48.89) (33.30)
Severely-affected x time -282.6**  -277.6** -228.5* -210.4** -157.9* -133.9* -309.8** -215.7* -168.4*
(114.1)  (112.49) (98.09) (87.74)  (7054)  (68.74)| (127.8)  (100.1)  (86.09)
No. of branches 49.73 43.38 36.07 90.52 78.41 81.40* 83.81 70.71 75.82*
(3791)  (35.07) (41.19) (54.89)  (4249)  (3645)| (60.04)  (44.67)  (37.21)
Tota deposits -0.460** -0.213* -0.100| -0.497**  -0.397** -0.299* | -0.557** -0.415**  -0.329**
(0.167) (0.104) (0.0600) (0.173) (0.138) (0.131) (0.189) (0.146) (0.131)
Trend 8,717* 5,191* 4,242 8,552* 8,563* 7,766 8,275* 8,456 7,786
(3,891) (2,733) (2,387) (4,231) (4,455) (4,265) (4,321) (4,487) (4,332)
No. of projects -0.561 6.657 5.456* -2.788* 1.278 0.500 -3.010* 1.488 0.369
(2.328)  (3.614) (2.625) (12799  (2777)  (L370)| (1504) (3.070)  (1.543)
Value of investment 0.0118 0.00348 0.00302 0.0122 0.00055 -0.00014 0.0142 0.00068 -0.00003
(0.0298) (0.0107)  (0.00974) | (0.0238) (0.00462) (0.00359) | (0.0255) (0.00484) (0.00364)
Province-fixed effects Yes Yes Yes No No No Yes Yes Yes
Time-fixed effects No No No Yes Yes Yes Yes Yes Yes
No. of provinces 8 8 8 8 8 8 8 8 8
Observations 96 144 184 96 144 184 96 144 184
R? 0.411 0.299 0.243 0.428 0.387 0.345 0.448 0.402 0.362

Note:

This table reports the difference-in-differences results of a matched sample between affected and unaffected provinces. We
use a propensity score matching algorithm to identify matches between provinces that were hit by the tsunami and those
were not. We first run a probit model based on our original sample of 50 provinces in the month immediately before the
tsunami (December 2004). The dependent variable equals one if the province was affected by the tsunami and zero
otherwise. The probit model includes province-variant variables similar to our baseline model (lain Table 2). However, the
lending trend is defined as the average growth of loan over three months preceding the tsunami in order to capture the pre-
treatment parallel trend assumption. The model is as specified in (1a').

TSUNAMII =Y. BRANCHL] + 9. DEPOSITI'] + w. Trendi'j + Si']' (ld)

From the probit estimation, we use the propensity scores predicted and conduct a one-to-one nearest-neighbour matching
procedure to match the tsunami affected provinces with those unaffected on the outcome (loan). The differences in
propensity scores are set to be less than 0.01. After matching, we have four matched pairs of provinces (the affected
provinces are Krabi, Phangnga, Trang and Satun). We then apply the Equation (2) as shown below to this matched sample.
ALOAN;; = 6. (MILD_TSUAFFL]- X TIME,) + €. (SEVERE_TSUAFFL]- x TIME,) + . ABRANCH;; ¢ + 9. ADEPOSIT;j; +

w. Trend;; + . ANOP;; + . AVAP;; + Time, + Location;; + & (2)

The dependent variable is the change in lending of commercia banks at aggregate level in province i a month t. The main
independent variables of interest are the interactions between the provinces mildly affected and those severely affected and
the months following the tsunami. The base is the interaction between the unaffected areas and the time after the tsunami.
Model 2 is with province-fixed effects. Model 3 is with time-fixed effects. Model 4 is with both time- and province-fixed
effects. Model 1 (without time- and province-fixed effects also produces similar results but not reported to save space. The
estimation is based on 12-month, 18-month and 24-month windows around the tsunami. Robust standard errors clustered at
province level arein parentheses. *, ** and *** denote significant level at 10%, 5% and 1%, respectively.

Page 31 of 31



The Centrefor Responsible Banking and
Finance
CRBF Working Paper Series
School of Management, University of St Andrews

The Gateway, North Haugh,
St Andrews, Fife,
KY 16 9RJ.
Scotland, United Kingdom
http://www.st-andrews.ac.uk/busi ness/rbf/

Recent CRBF Working papers published in this Series

First Quarter | 2016

16-005 Dimitris K. Chronopoulos, David G. McMillan, Fotios I. Papadimitriou and
Manouchehr Tavakoli: Insider trading and future stock returns in firms with
concentrated ownership levels.

16-004 Frank Hong Liu, Lars Norden and Fabrizio Spargoli: Why banks want to be
complex.

16-003 Daniel Oto-Peralias and Diego Romero-Avila: Historical Frontiers and the Rise
of Inequality: The Case of the Frontier of Granada.

16-002 Pejman Abedifar: The Doctrine of Riba in the Contemporary World: Is Islamic
Finance the Answer?

16-001 Ross Brown, Suzanne Mawson and Alexander Rowe: Networking with the
Crowd: Start-Ups, Networks and Equity Crowdfunding.

Fourth Quarter | 2015

15-013 Pejman Abedifar, Iftekhar Hasan and Amine Tarazi: Finance-Growth Nexus
and Dual-Banking Systems: Relative Importance of Islamic Banks.

15-012 John Forker, Barry Reilly and Anne Marie Ward: Does Board Gender
Leadership Matter in Participatory Community Based Organisations?

15-011 Neil Lee and Ross Brown: Thin Markets and Innovative SMEs: the Demand and
Supply of Bank Funding in UK Peripheral Regions.

jal | i Wy ks 4

University of St Andrews ‘ 600 YEARS
Scotland’s first university 1413 - 2013



http://www.st-andrews.ac.uk/business/rbf/

