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Forests are provider of many ecosystem services which benefits a wide group of people. But 

the lack of markets to capture payments for these services meant that forest owners chose to 

convert their assets to provide marketable goods for a smaller group. Payment for ecosystem 

services (PES) schemes was developed specifically to ensure that forest owners can receive 

payments in return for providing ecosystem services. One such service provided by forests is 

flood mitigation and valuing this service has always been challenging due to the lack of 

suitable data. This study has the unique opportunity to fill in this knowledge gap by using a 

20-year flood data from Malaysia. The purpose of this study is thus to measure the economic 

benefits derived from flood mitigation services by increasing forest cover by 10%. The 

conceptual approach is the Freeman three-stage framework and the main techniques 

employed are regression analysis and benefits transfer. In the first stage, it was found that the 

10% increase in forest cover leads to a reduction in number of days flooded by 1.552 days for 

every flood in West Coast Malaysia. In the second stage, we found that one lesser day of 

flood decreases the number of evacuees by about 10.4% and number of deaths by about 

3.62%. These two results are combined to show that a 10% increase in forest cover reduces 

the number of evacuees and deaths by 16.1% and 5.61% respectively. Valuation of these 

benefits is undertaken in the third stage using benefits transfer where it was calculated that 

the flood mitigation benefits provided by 10% increase forest cover is about 3.5 million 

ringgit over 20 years on West Coast Malaysia. This figure not only provide a good starting 

point for implementing a PES scheme but is also useful for conducting a cost-benefit analysis 

of different flood mitigation policies. However, it should be highlighted that this value is an 

understatement of the actual benefits as there are many other prominent averted damages not 

included. 
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I. I�TRODUCTIO� 

According to the Millennium Ecosystem Assessment, ecosystems provide a host of 

valuable services to the well-being of human societies. 1  Services provided by forests 

ecosystems can be broadly grouped as eco-tourism, carbon storage, protection of human 

health, watershed services and many more (Ferraro et al., 2010). Although many groups other 

than the owner(s) benefit from these services but conventional markets are not set up for the 

owners to receive payments in return for provision of these services (Vincent et al., 2009). As 

a result, many owners convert their forests to provide benefits to a narrower group of people 

and goods with obvious market value such as timber or agriculture so as to receive payment. 

This conversion however typically only benefit the owners and results in loss of aggregate 

societal welfare as the foregone benefits for multiple groups are often larger than the gained 

benefits to a small group. To correct for this failure, schemes such as payment for ecosystem 

services (PES) have been proposed and are already implemented at several places. Due to the 

global nature of climate change, the ‘reduce emissions from deforestation and degradation’ 

scheme or REDD is the most common example of a PES scheme where forests owners 

receive payment from carbon emitters in return for conserving their forests. Other than 

REDD, there are other PES schemes for forests ecosystem services and the second most 

common payment schemes are for watershed services which refer to either regulation of 

water quality or water quantity (Vincent et al., 2009). Central to a PES scheme is 

quantification of the benefits provided by the ecosystem service and this task is often 

hindered by data limitations (Ferraro et al., 2010). To this end, this main objective of this 

study is to value flood mitigation services provided by tropical forests in Peninsular 

Malaysia. In the lead-up to addressing this objective, two sub-research questions needs to be 

addressed first. First, what is the effect of forest cover on flood frequency? Second, what is 

the effect of flood frequency on flood damages? To answer these two questions, a three-stage 

conceptual framework is employed (Freeman, 1993) where techniques of regression analysis 

and benefits transfers are used within this framework. The analysis is performed on a panel 

dataset created by combining flood data, forest cover data and other hydrological indicators. 

The rest of this paper is organized as follows. A background of the topic is provided in the 

first section. The second section introduces data and methodology. Results from regression 

analysis are presented in the third section and policy implications are discussed in the final 

section of this paper. 

                                                 
1 Reports are available for download at www.millenniumassessment.org. 
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II. BACKGROU�D 

It is estimated that floods caused over 100,000 deaths, displaced 320 million others, 

and caused economic damages exceeding US$1,151 billion in 56 developing countries from 

1990 to 2000, making floods one of the most destructive natural disasters in terms of 

economic losses and human hardship in the developing world (Herschy, 2002; Bradshaw et. 

al., 2007). Due to the destructive nature of floods, costly mitigation programs and policies 

such as flood warning system or relocation schemes are typically put in place to limit its 

negative effects. Such projects are only temporary solutions as continuous investments are 

needed to upgrade and maintain these projects and despite all the spent money, disastrous 

floods are still occurring. Though floods are typically considered naturally occurring 

phenomena but the media and general public are quick to blame deforestation whenever there 

are devastating floods. Some of the numerous examples include attributing heavy floods 

India and Bangladesh to deforestation in Himalayas and Europe’s floods to deforesting of the 

Alps (Calder, 2000). 

The motivation behind these allegations have their roots from the ‘sponge theory’ 

hypothesis proposed by 19th century European foresters where it was mooted that forests can 

regulate water quantity (FAO & CIFOR, 2005). This theory posits that the network of leaf 

litter, soils, and roots will soak up large amount of water during wet seasons and release the 

water back into rivers and streams during the dry seasons, thus serving the dual purposes of 

mitigating floods and alleviating droughts. By the same token, this hypothesis predicts that 

that deforestation leads to higher frequencies and increased flood damages during wet 

seasons. Some 20-30 years ago, many scientists tried to validate this hypothesis using paired-

catchment experiments and the majority of these experiment proved that stream-flow and 

river-flow in deforested catchment is indeed much higher compared to a forested one (e.g. 

Bosch & Hewlett, 1982). However, even though it is known from these experiments that trees 

consume large quantity of water but researchers are still skeptical that forests can reduce 

floods events (e.g. Brujinzeel, 1990; 2004). The most cited reason is that the water retention 

capacities of forests saturate quickly and therefore their flood mitigation functions are mostly 

limited to small-medium rain events while having little or no effects for heavy rain events 

(FAO & CIFOR, 2005). Using this hypothesis, Kramer et al. (1995) used streamflow data to 

predict for change in flood intensity following deforestation in Eastern Madagascar. They 

found that an annual 2.17% deforestation rate will cause the smallest flood to intensify by 3.8 

times after 46 years. Conversely, there are no changes in intensity for floods with high return 
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period following deforestation. This study is one of the few attempts where the forests-flood 

relationship has been quantified. A recent study attempted to do the same and found that 

deforestation has causal impact on the frequency of floods in developing countries (Bradshaw 

et al, 2007). The authors calculated that a 10% decrease in forest cover will lead to a 4% to 

28% increase in flood frequency. They did not find strong evidence to support similar impact 

on flood damages though. Their study while fraught with numerous issues of validities (to be 

discussed later) is nonetheless notable or two reasons. First, their approach entails a direct 

study of the forests-flood relationship and this allow for more precise quantification of this 

relationship. Second, their focus on developing countries is well-placed as these countries are 

more vulnerable to natural disasters (Alcantara-Ayala, 2002). 

A study of forests and floods is in many ways more challenging than a forest 

hydrology study because complex forest hydrology relationships are intertwined with socio-

economic factors. The lack of reliable data on flood conditions is a major impediment. It is 

perhaps for these reasons that the Bradshaw et al study had problems with statistical 

conclusion, internal and external validity. First, the problem of statistical conclusion validity 

arises because their dataset was aggregated over a ten-year period for each country, resulting 

in only 56 observations. This provides hardly enough statistical power to make a decisive 

conclusion. Second, it is arguable that deforestation rates are highly different between 

different regions in any country and so data aggregated at the country-level may conceal 

some decisive variation and this presents problems for internal validity. Third, it is likely that 

their dataset is plagued by measurement errors as their records showed seven floods occurred 

in Malaysia from 1990 to 2000 whereas 240 floods were observed in our dataset for the same 

period. One probable reason for this vast difference is because their data was collected using 

remote sensing technology and so only major floods were observable and/or some floods 

were missed out due to heavy cloud cover. In this regard, there exists considerable noise in 

their data which may cause imprecise estimates. Despite these validity concerns, this study 

not only received criticisms but also garnered support as well. Calder et al. (2007) critiqued 

that the omission of extreme flood events (e.g. caused by typhoons, cyclones, etc) “seriously 

weakens the policy importance of the results”. Laurance (2007) acknowledged that the 

“broad brush” approach as a weakness of this paper but at the same time he also predicted 

that this paper will be a landmark study. Van Djik et al. (2009) reanalyzed the dataset and 

found that population density explains for most of the floods occurrences. However they also 

recognized this study to be “a valuable first step to show how these or similar flood data 
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might be used to further explore the relationship between land cover and flooding.” The 

vibrant discussion can probably be attributed to the controversial nature of this topic. 

Similarly, the controversial nature of the forests-flood relationship presents a dilemma 

for policymakers. First, it is difficult for policy-makers to argue for or against forest 

conservation policies without knowing the benefits such a policy can bring about. Second, 

without a good estimation of the benefits, it is difficult to formulate PES schemes that will 

conserve the efficient amount of forests. To fill in this knowledge gap, this paper uses the 

Freeman three-stage framework to value the flood mitigation benefits provided by forests 

(Freeman, 1993). The framework is tested on 20 years of Malaysian flood records from the 

year 1981 to 2000. Regression analysis are employed in the first two stages to show how 

flood frequency changes with respect to changes in forest cover and how flood damages 

change with respect to flood frequency. The last stage involves monetizing of flood-related 

benefits. Lastly, it should be stressed that our dataset exhibit significant presence of noise and 

the estimated results should be interpreted with caution. 

Brief Background of Malaysia 

In many respects, Malaysia is an appropriate location for this study. Foremost, data on 

floods and other related covariates are available. Second, Malaysia’s status as a developing 

country enhances the relevancy and applicability of results obtained here. Third, the dominant 

forest ecosystem in Malaysia is tropical rainforests and they are currently in focus because of 

rapid deforestation and the many valuable services provided by the rainforests. Malaysia is a 

tropical and mid-level income developing nation in Southeast Asia. There are thirteen states 

and three administrative regions in Malaysia where two states are located on the Borneo 

Island while the rest are located on Peninsular Malaysia. The country is governed as a 

federation of states and each state is made up of administrative districts (“ADs”). Peninsular 

Malaysia is endowed with many natural resources such as tin, and oil and is also among the 

world’s top exporter of palm oil, rubber, and tropical timber (ITTO, 2008). Fuelled by rapid 

urban growth of about 4.5% per annum and competing agricultural usages for forest land, 

there have been significant changes to the amount of forest cover in the country. 2 

Specifically, the annual deforestation rate was about 2.5% or 236,000 hectares from 1970 to 

1995 across the entire country, with some states experiencing higher rates than others 

(Vincent & Rozali, 2005).  

                                                 
2 Data available at: http://esa.un.org/unpd/wup/unup/index.asp?panel=1.  
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Floods in Malaysia 

Monsoon floods and flash floods are the most prevalent natural disasters in Malaysia 

(Hiew, 1996). As the name implies, monsoon floods are caused by seasonal monsoon which 

lasts about three-four months and is typified by continuous rain throughout the season. 

Monsoon floods normally occur in the second half of the season when runoff from 

precipitation finally overwhelms the catchments’ water retention capability and floods can 

last from a few days to a few weeks (FAO, 2005). Flash floods on the other hand are caused 

by short and intense rainfall (Chan, 1997). They last only for a few hours and normally occur 

at low-lying regions. 

There are two monsoon periods in Malaysia: the Southwest Monsoon (“SWMS”) 

occurring from May to September and the Northeast monsoon (“NEMS”) from November to 

March. The SWMS enters from the western coast of Malaysia (“West Coast”) but its impact 

is limited due to sheltering by the Sumatran Mountains (Chan, 1997). The NEMS which 

enters from the eastern coast of Malaysia (“East Coast”) conversely brings in more 

precipitation as there are no similar shelters. As a result, the country is more adversely 

affected by the NEMS. Furthermore, the East Coast is comparatively worse hit by the NEMS 

as the West Coast is protected by the Titiwangsa Ranges in the middle of the Malaysia. 

Sandwiched in between the two monsoons are known as the inter-monsoon season (“IMS”). 

The IMS are recognized by short and intense thunderstorms. Most catchments are able to deal 

comfortably with the rainfall brought by the IMS but rapid development of urban areas in 

low-lying riverine areas has seen flash floods becoming an increasing problem in recent 

years. This is especially true for cities such as Kuala Lumpur, Ipoh, Penang, and Kota Bahru 

(Chan and Parker, 1996). Table 1 provides a general summary of flood characteristics in 

Malaysia. Figure 1 shows the precipitation effects of seasonal monsoons in Malaysia. 

 Seasons Type of Floods Severity 

Southwest Monsoon 
May-
September 

Monsoon Floods 
Limited impact due to shelter from 
Sumatra 

Northeast Monsoon 
November 
– March 

Monsoon Floods 
Impact especially severe on the 
East coast 

Inter-monsoon 
Convectional Storms 

April and 
October 

Flash Floods 
Limited impact but increasing due 
to build-up of urban areas 

Table 1: Monsoon seasons and flood characteristics  
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Figure 1: Rainfall intensity by monsoon (Chan, 1998) 

Malaysia had one of its most damaging floods recently when the state of Johor 

(largest state by population and third largest by size) and other neighboring states were 

devastated by floods in late 2006 and early 2007. This flood displaced about 70,000 people 

and caused RM 1.5 billions of damages (Berita Harian, 2007). Following this catastrophe, the 

Malaysian government did not indicate if they would follow other countries in the region in 

implementing a log ban. 

The governing flood authority in Malaysia is the flood department of the Department 

of Irrigation and Drainage (“DID”). Administratively, the Federal-level DID delegates 

authority to the state-level DID offices. Each state-level DID office is in-charge of all river 

basin management units (“RBMU”) located within the state. A RBMU is a river network 

consisting of either one large river basin or several smaller ones and there are 41 RBMU in 

all. All the states’ and river basins’ boundaries almost perfectly coincide with each other 

except for the state of Negeri Sembilan where there are two RBMUs which are shared with 

Pahang and Johor respectively. This setup is particularly useful for our ensuing analysis as 
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forest cover data is only available at the state-level.3 Finally, the predominant flood control 

policy in Malaysia is to rely on engineering structural projects such as river widening, 

construction of dams, drainage and etc (Chan, 1997). The government has invested heavily in 

flood mitigation projects over the past 15 years where the flood-control budget was 300 

million ringgit; 946 million ringgit; 2 billion ringgit; and 4.2 billion ringgit for 1991; 1996; 

2001; and 2008 respectively (JPS, 1991, 2001; EPU, 2006).4 The almost doubling of budget 

every five years signals that floods are an increasing problem in Malaysia. 

Causes of Floods Frequency and Damages 

To understand the causes of floods, we first look at the hydrologic balance (Perry et 

al, 2006): 

( ) Runofff Excess  DischargeStorageCanopyPrecip ++∆+=+ EVT    (1) 

Precip refers to precipitation, canopy refers to canopy raking of cloud water,  EVT refers to 

evapo-transpiration, storage refer to water retention, for e.g. soil moisture, discharge refers to 

the amount carried by rivers and streams, and excess runoff is the remaining precipitation that 

are too much for rivers to discharge or in other words, floods. By rearranging excess runoff to 

the L.H.S., it can be seen that floods are essentially a function of rainfall and forest cover. 

However, due to data limitations and other reasons, most forest hydrology research focus on 

the relationship between discharge or streamflow with forests and rainfall. The relationship 

between floods and rainfall and forest cover are subsequently inferred using these findings. 

However, as previously mentioned, this study focuses directly on the forest-flood relationship 

rather than through the intermediary of streamflow. 

Flood Frequency 

We can infer four factors that affect occurrence of floods by rearranging ‘excess 

runoff’ to the L.H.S. The first factor is precipitation or rainfall where more rainfall causes 

more floods ceteris paribus. Second, trees in forests ecosystems ‘consume’ water by EVT by 

i) encouraging evaporation by intercepting rainfall with their dense canopy and ii) 

transportation of water absorbed by roots to the leaves and other parts of the trees. The third 

factor is the change in storage where the classic example is soil moisture. For any particular 

type of soil, forests enhance soil permeability which in turn increases soil moisture and 

thereby reducing runoff. The fourth factor of canopy is more specific to ‘cloud forests’ as 

                                                 
3 It is fairly straightforward to assign the proportion a transboundary RBMU belong to in a state. 
4 At 2008 constant  price. 
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these forests are enshrouded in clouds at high altitude. However, cloud forests are not widely 

found in Malaysia. By the author’s calculation, they are found in five out of nine states and 

account for 1-9% of state level forest cover.5 In all, the second and third factors show that 

trees have a negative impact on discharge and runoff. While some observational studies have 

shown that reforestation may increase dry season flow but this would not translate into floods 

in any event (Brunijzeel, 2004, Wilk, 2001).  

Socio-economic factors also play a part in influencing floods through land-use 

changes and selective flood reporting. First, land-use changes caused by human activities 

such as conversion of forests to agricultural land reduce the amount of EVT. Another human 

factor which affects frequency is flood mitigation projects. According to the Equation (1), 

these projects can affect floods by the storage or discharge channels depending on the nature 

of these projects. Second, the distinction between an actual flood and a recorded one must be 

made. While our dataset includes both major and minor floods but it should be clarified that 

this doesn’t mean that all floods are recorded. Flood events are recorded because they are 

either observed by the DID or reported by affected communities. In this regard, there are two 

main drivers causing floods recording – population and economic development. Places with 

high population and/or economic development should have more reported floods ceteris 

paribus. This is because there are higher chances a flood would affect someone or something 

in a densely populated or economically developed place. While one could argue that flood-

prone areas are shunned from development but it has been shown in practice that major cities 

in Malaysia tend to develop near low-lying flood prone areas to take advantage of the 

agricultural and commerce opportunities. One prime example is the capital city and economic 

center of Kuala Lumpur. 

Flood damages 

Grothmann and Fritz Reusswig (2007) described three main determinants of flood 

damages. First is exposure to flood which is measureable by flood frequencies where higher 

flood frequencies indicate more opportunities to incur damages. Second is sensitivity to 

flooding where places with larger population are more susceptible to flood damages than 

sparsely populated areas. The third factor is adaption which can be further broken down into 

administrative and private adaptation. The former refers to flood mitigation projects or any 

methods of choice by the public administrators. The latter are personal behaviors or 

adjustments to handle floods. Chan and Parker (1997) conducted a survey in four cities in 

                                                 
5 Figures are for ‘mountain’ forests which are approximately close to cloud forests. 
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Malaysia and found differing private adaptations for East and West Coast cities. In all, this 

understanding of the theoretical backdrop behind the causations and reporting of flood events 

and damages will guide us in our modeling strategy. 

Data Sources 

First, the flood data is from a report commissioned by the DID (JPS, 2003). This 

report compiles data from annual flood reports prepared by the states’ flood department (see 

Figure 2 for the states covered by this report) on flood events from 1981 to 2000. Flood data 

are compiled at the RBMU level by the flood department where 35 RBMU are contained 

within nine states (see Table 2 for a spatial summary). One problem encountered while 

coding this dataset is that each state department have their own idiosyncratic manners of 

reporting statistics. For example, some states list the starting and ending date of floods in a 

general way such as ‘early-March to end-March’ while others listed precise dates and hence 

assumptions were taken to standardize these inconsistencies. As will be described later, 

statistical techniques are used to correct for this imprecision. Five dependent variables are 

obtained from this report They are i) number of days flooded; ii) number of floods; iii) 

number of rivers flooded; iv) number of flood-related evacuees and v) number of flood-

related deaths. Data from this report are presented at the RMBU-level and at a monthly time 

scale. This report also contains the completion date of major flood mitigation projects 

undertaken in each RBMU.  

Second, rainfall data are recorded by meteorological stations throughout Malaysia and 

these data were partly downloaded from the DID website6 and partly made available by the 

Forest Research Institute of Malaysia. As there are many rainfall stations within each RBMU, 

we need to select the most suitable stations for each RBMU. To do so, maps of RBMU are 

compared against corresponding maps from DID and select stations near to flood-prone areas 

(see Figure 3). 

State 
No. of River Basins 
Management Units 

Max (km2) Min (km2) Mean (km2) Std. Dev. 

Kedah 2 4,300 3,695 3,998 428 

Perak 3 15,180 1,420 6,618 7,471 

Selangor 7 3,335 560 1,451 1,005 

Negeri Sembilan 1 1,420 1,420 1,420 - 

Melaka 2 1,010 705 858 216 

Johor 7 6,595 880 3,221 1,908 

                                                 
6 http://h2o.water.gov.my/v2/fail/Invstations/Inventory.html 
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Pahang 3 29,300 2,025 11,870 15,137 

Terengganu 7 4,650 760 1,853 1,390 

Kelantan 3 13,100 895 5,005 7,011 

Table 2: Spatial summary of dataset 

 
Figure 2: Malaysian states included in this study 

Third, forest cover data is available at the state-level.7 These data were from forest 

inventory surveys conducted by the Malaysian Forestry Department in the years 1981, 1992, 

and 2004. By visual observation, most states experienced deforestation between 1981 and 

1992 while there is a mix of deforestation and reforestation for the second period. 

Interpolation techniques are applied to fill in the data gaps between each survey. Periods of 

reforestations were interpolated exponentially while periods of deforestations were 

interpolated by using rate of change in drivers of deforestations. Ideally, the rate of 

agricultural expansion should be used as this is the main proximate cause of deforestation in 

Malaysia (Meyer & Turner II, 1992). But because these data are not widely available, the rate 

of expansion for oil palm plantations is used instead. Lastly, population data is obtained from 

decadal census and exponentially interpolated in the intervening years (DOS, 1980; 1991; 

2001). 

                                                 
7 Forest cover data provided courtesy of the Forest Research Institute of Malaysia. 
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III. STUDY DESIG� 

The three-stage framework espoused by Freeman (1993) is employed in this valuation 

exercise.8 In the first stage, we measure the effects of forest cover on an indicator of flood 

frequency. Following that, flood frequency is regressed on indicator(s) of flood damages in 

the second stage. Lastly, we monetize indicator(s) of flood damages in the third stage using 

benefits transfers. There are five dependent variables from our dataset and they can be 

broadly categorized into two groups where number of floods (“flood_n”), number of days 

flooded (“flood_d”), and number of rivers flooded” (“rivers_f”) are indicators of flood 

frequency which are used in the first stage. Number of evacuees (“evacuees”) and number of 

deaths (“deaths”) are indicators of flood damages for the second stage.9 Each of these five 

dependent variables has different characteristics and so regression results from each of them 

provides different interpretations to the flood-forest relationship. While regression analyses 

were undertaken for all of these variables but only results for the most viable dependent 

variables are presented in the main section and the remaining results are presented in the 

appendices. Next, a description of each dependent variable and how they should be used is 

provided in the following paragraphs. 

$umber of Floods 

This variable counts the number of floods in a RBMU per month. Personal 

correspondences with DID Malaysia suggest that the department do not have a technical 

definition for flood. This is further confirmed in the consultancy report as no definitions for 

floods were provided. In view of this lack of clarity on what constitute a flood, we rely on the 

data compilation in the consultancy report to provide a reliable count of the number of floods 

each month. The advantage of flood_n is that it is less subjective and directly informs the 

state of overall flood conditions to policy-makers. The downside is that this variable does not 

offer insight into the extent of a flood. This presents a problem for analysis in the second 

stage because a 10-day flood has the same status as a five-day flood while their respective 

impact on flood damages are mostly likely different. 

                                                 
8 See Kramer et al. (1997) and Pattanayak & Kramer (2001) for detailed examples where the three-stage 
framework is applied for valuation of ecosystem services. 
9 While Bradshaw et al. (2006) used flood_d as an indicator of flood damages but it can also be reasoned that 
this variable is more of an indirect measure since it is impossible to infer damages from one more day of flood 
without using assumptions or additional data. As such, flood_d is categorized as an indicator of flood frequency 
in this study. 
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$umber of Days Flooded 

While flood_n offers a general overview of flood conditions, flood_d can capture 

more accurately the extent forest cover mitigates flood as this variable counts the number of 

days a RBMU is flooded in a month. For this reason, flood_d is more closely related to flood 

damages such as evacuees, deaths, and property damages. The tradeoffs for a stronger causal 

inference are twofold. First, the start and end date of a flood may be reported in a different 

format from one RBMU to another and assumptions are needed to iron out this inconsistency. 

Second, using flood_d as a dependent variable reduces the sample size (and hence precision) 

as there were a number of entries in the dataset where the flood’s start and end date were 

missing. However, both tradeoffs are a small price to pay for more accurate causal inferences.  

$umber of Rivers Flooded 

This statistic aggregates the number of times all rivers are flooded in a RBMU each 

month. The advantage of river_f is that it offers a better judgment of flood severity than 

flood_n. However, there are two major disadvantages. First, RBMUs with more rivers have 

larger influence on the regression estimates since there is plausibly more data variation for 

these RBMUs. Second, river_f is biased towards populated regions as it is likely that there 

rivers are more likely to be named in these places as opposed to remote areas. This means 

that estimates using river_f are likely to be less accurate. 

$umber of Evacuees 

This is the first of two explanatory variables for assessing flood damages. In our 

proposed model, we are using indicators of flood frequencies as predictors for flood damages 

in the second stage. The number of evacuees is highly relevant for policy analysis as human 

displacements are common outcome of floods. While not stated explicitly, but it is 

presumable that the reported data for evacuees were from government organized evacuations 

and private evacuees are most likely excluded. This means that the number of evacuees in our 

dataset may be understated. Based on our understanding of flood conditions in Malaysia, the 

number of evacuees is likely to be more closely related to the extent of a flood rather than the 

number of floods. For example, there are numerous floods in Kuala Lumpur during the IMS 

but there is no need for evacuation as these floods usually subside within a few hours. As 

such, the number of days flooded appears to be a more appropriate predictor for the number 

of evacuees. 
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$umber of Deaths 

This statistic is arguably more accurately reported than evacuees since mortalities are 

always accorded the highest priority and are likely to be recorded. Furthermore, impact on 

mortality often presents the most persuasive arguments in policy decision-making. The 

downside is that flood-related deaths are rare and the lack of variation may hamper statistical 

analysis. The most suitable predictor for the number of deaths in our dataset is again flood_d. 

This is because flood-related deaths are most likely caused by sudden and severe floods 

where there is less time to take precautions or evacuate. Since there is no indicator for the 

‘suddenness’ of a flood in the dataset, we can thus only use flood_d to account for severity. 

The other two variables, flood_n and rivers_f were also used as explanatory variables for 

robustness checks (see Appendix 3). 

Estimation Methodology 

This study is separated into three stages. In the first stage, we investigate the forests-

flood frequency relationship. While analyses were undertaken for the three dependent 

variables of flood frequency but only model and results for the flood_d are presented in the 

main section of this paper as it is better suited to predict flood damages in the second stage.10 

This dependent variable has several characteristics to take into account when selecting which 

regression model to use. They are i) non-negative; ii) continuous; and iii) values less than 

zero are unobserved. The first characteristic narrows the possible regression models to the 

non-linear family. Second, continuous variable implies that discrete count models should not 

be used. The third observation may appear redundant at first sight since the number of days 

flooded is ostensibly non-negative. However, another perspective is to view ‘negative days’ 

as the opposite of flood, i.e. days with drier than normal conditions.11 Collectively, the three 

characteristics suggest that the Tobit model should be used.12 

The standard Tobit model expresses the relationship between the observed outcome, 

flood_dit, and the underlying latent (i.e. unobservable) outcome, flood_dit
* as: 
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Next, the latent variable, flood_dit
* is posited to have the following relationship with 

its covariates: 

                                                 
10 See Appendix 1 for results from other dependent variables. 
11 Hence, zero flood days can be thought of as normal conditions. 
12 Alternatively, we can view this as a corner solution model where ‘zero day’ are optimal choice given the 
covariates but in any event, this still leads us to a Tobit model (Wooldridge, 2002, 517-520). 
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Forest is state-level forest cover in km2; Area is state land-area in km2; Rain is the 

monthly amount of rainfall in a RBMU in mm; SW and $E are indicator variables for SWMS 

and IMS respectively; MIT is flood mitigation projects; µ is the error term; and subscript i and 

t refers to RBMU and time respectively. Various versions of the forest cover and rainfall 

interaction term was tested in earlier specifications but removed because its inclusion causes 

the significance level of forest cover to be highly unstable. The most probable explanation is 

high collinearity (correlation coefficient about 0.7-0.9) between this interaction term and 

either rainfall and/or forest cover.13 Two other adjustments were made to improve precision 

and accuracy of the estimators. First, equation (3) is estimated with a within-estimator (i.e. 

fixed-effects) where each RBMU has a different constant term. Second, flood_d is a reported 

statistic and the reporting is likely to be biased towards RBMUs with higher population. As 

such, the error term itµ  is likely to be correlated with population density. To correct for this 

potential heteroskedasticity, population density is included as an analytical weight (Winship 

& Radbill, 1994). Ideally, cluster correction for standard errors should also be included as the 

regressor of interest, forest cover, is fixed at the state-level (which is one level above 

RBMU). However, conventional cluster correction is unlikely to resolve this problem due to 

the small number of clusters in this sample (Angrist & Pischke, 2009). To correct for this 

problem, models averaged at the state-level are estimated and is compared with the RBMU-

level models. At minimum, we should be able to derive the same inferences from both sets of 

models (Angrist & Pischke, 2009). 

Next, the purpose of the second stage is to estimate the benefits gained or damages 

averted from one lesser day of flood. While there are many benefits from reducing the 

number of days flooded but we only have data to run regression analysis for two of these 

benefits, evacuees and deaths. The Poisson model with quasi maximum likelihood estimator 

(Poisson QML) is used in the second stage model to estimate the relationship between 

evacuees and flood_d. First, the model is assumed to take the form of: 

                                                 
13 To be sure, a Wald test carried out for the insignificant regression coefficients of the affected variables was 
jointly significant. This suggests clear signs of multicollinerity. 
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Second, the canonical log-link is employed to link the Poisson function to its linear predictor 

where: 
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pop and pop
2 are population in RBMU and its squared term respectively, ε is the error 

term and the remaining notations are as defined in Equation (3). Again two adjustments were 

made to obtain more precise results. First, Equation (5) is also estimated using fixed-effects 

to control for invariant factors. Second, the model is limited to observations with at least one 

flood event. There are several reasons to support the use of Poisson QML in this stage. First, 

evacuees is a non-negative count variable and so estimates obtained from ordinary least 

squares techniques will be biased. Second, an attractive feature of the Poisson QML is its 

immunity to the ‘incidental parameters’ problem (Lancaster, 2000). This problem leads to 

biased estimates when unconditional fixed-effects nonlinear regression models are used on 

panel datasets with short t and large n (Lancaster, 2000). This problem is likely to occur in 

the second stage as the sample is limited only to flood observations. Third, while negative 

binomial is another popular model for non-negative count data but unlike the Poisson QML, 

this model is more complex and so its maximum-likelihood estimators demand higher quality 

data coupled with precise specification in order to converge. While experimenting with 

different models, the negative binomial estimators failed to converge for some specifications 

while the Poisson QML were able to converge. Estimations from negative binomial models 

are shown in the appendixes for comparison sake. Fourth, in exchange for its simplicity, the 

regular Poisson model is often criticized for its unpractical assumption of no between-subject 

heterogeneity.14 Violation of this assumption is known as ‘over-dispersion’ and will lead to 

underestimated standard errors or Type-I errors. However, many authors (e.g. Wooldridge, 

1997) have shown that Poisson QML models can correct for biased standard errors even in 

the face of over-dispersion. However, there are concerns whether Poisson QML can deliver 

consistent estimates for panel data with small $ and large T. So far, there are no literatures 

explicitly supporting or denying the use of Poisson QML for such datasets. 

                                                 
14 Poisson models assumes that a distribution’s mean and variance are of the same value. 
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IV. RESULTS 

The specifications in Equation (3) and (5) were reached in the following manner. 

First, covariates were selected according to our theoretical understanding of how floods are 

caused. Second, different statistical models were ran with each using various combinations of 

the selected covariates and their transformations as alternatives to test out which set of 

covariates are most well-behaved. Third, with the final selection of covariates, models are 

estimated across the two lines of sub-sampling, i.e. spatial and/or temporal. Specifically, the 

sub-samples we explored were i) both East and West coast states (Jan-Dec); ii) both East and 

West Coast states (Nov-Dec); iii) both East and West coast states (Oct-Jan); iv) to vi) same 

range for East Coast states; vii) to ix) same range for West Coast states. 

These sub-samples were decided following examination of the dependent variables in 

Table 2, Table 4 and Figure 5 and climatic factors in Figure 4. First, almost all East Coast 

floods occur in the NWMS from October to January and within this range, the November-

December band accounts for a disproportionately large number of floods. Similar patterns are 

also spotted for the West Coast floods, although to a lesser degree as floods in states such as 

Perak and Selangor are more evenly distributed across months. There are also clear 

differences in flood damages. Flood-related deaths in the West Coast are very rare compared 

to the East. On the other hand, flood-related evacuees are observed more regularly on both 

coasts. In all, these trends and differences imply that there may be different processes driving 

flood frequency and damages across different time of the year at both coasts. As such, it is 

possible that more accurate estimates can be derive from using sub-samples. 

Variable Obs Mean Std. Dev. Min Max 

Floods 8400 0.07 0.28 0 4 

Days flooded 8279 0.25 2.17 0 88 

Rivers flooded 8400 0.10 0.57 0 18 

Deaths 8400 0.03 0.43 0 13 

Evacuees 8400 46.99 666.98 0 34487 

Table 3: Summary statistics of dependent variables for nine states and 35 RBMUs 

  Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec 

Evacuees 
EC 11,110 0 11,280 523 0 0 0 118 18 515 111,190 155,784 

WC 975 1,621 2,424 2,170 3,914 3,413 225 7,232 1,350 19,495 55,132 6,222 

Deaths 
EC 10 0 0 6 0 0 0 0 0 0 116 79 

WC 0 0 1 0 0 0 0 0 0 0 2 1 

Table 4: Indicators of flood damages by coast and month 
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First stage results 

Out of the nine models that were estimated, only West Coast models are presented in 

the main section while the results for the other six models are shown in Appendix 1. The 

reason is that the East Coast models yielded a counter-intuitive result where forest cover is 

positively correlated with number of days flooded. Plausible explanations include 

simultaneity and/or omitted variables bias and work is currently underway to uncover these 

curious results. For the same reason, it is difficult to interpret results for models with both 

coasts due to the different ‘effects’ of forest cover on number of days flooded. 

Table 5 presents results from the West Coast models estimated from Equation (3). 

Coefficients for forest cover and rainfall have the expected sign and both are statistically 

significant. Furthermore, coefficients for the forest cover are about the same across all three 

sub-samples and this indicates robustness of this model specification. The SWMS and IMS 

indicators act as month-effects estimators by controlling for any invariant features across the 

same monsoon each year such as private flood adaptation behaviors and rainfall pattern. 

According to the results, the SWMS dummy is negative and statistically significant while the 

IMS is not. This implies that West Coast is worse hit by the NEMS (the excluded dummy) 

relative to the SWMS but ambiguous relative to IMS. These results are highly plausible. As 

previously mentioned, the IMS is becoming more hazardous due to buildup of urban areas 

located mostly in the West Coast. An interesting observation is that flood mitigation projects 

are positive and statistically significant. This is a counter intuitive outcome as it suggests that 

these projects increase number of days flooded. One interpretation is that there is possible 

endogeneity as it makes sense for policy-makers to construct mitigation structures in flood-

prone areas. However, this endogeneity is unlikely to affect the coefficient on forest cover 

and if it does, it will cause underestimation if the RMBUs where mitigation projects are 

constructed are also places with low forest cover. Lastly, as we were unable to administer 

cluster correction, models averaged at the state-level was estimated in place for robustness 

check. Results from these models are presented on the last three columns of Table 5 

The state-level models offer roughly similar inferences as the RBMU-level models 

with forest cover being negatively correlated with number of days flooded. Significance level 

is understandably lower for the state-level models due to the lesser observations and loss of 

data variability following averaging. 

West Coast 

RBMU-level State-level 

(Jan-Dec) (Oct-Jan) (Nov-Dec) (Jan-Dec) (Oct-Jan) (Nov-Dec) 
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VARIABLES flood_d flood_d flood_d flood_d flood_d flood_d 

              

Proportion forest cover -134.3*** -104.8* -129.1* -197.1** -242.7 -193.4 

(0.000375) (0.0935) (0.0993) (0.0117) (0.184) (0.183) 

ln(rainfall) 6.810*** 6.806*** 5.528*** 10.72*** 10.11** 10.03*** 

(0) (3.49e-06) (0.00698) (7.14e-10) (0.0305) (0.00115) 

MIT projects 4.678*** 5.832*** 5.826** 6.014*** 7.693*** 7.456*** 

(5.10e-06) (0.00469) (0.0139) (6.88e-07) (0.00890) (0.00253) 

SWMS dummy -2.651** -3.521* 

(0.0187) (0.0870) 

$EMS dummy 0.536 1.994 0.425 

(0.608) (0.307) (0.898) 

Constant -5.952 -16.57 3.464 -7.994 18.05 -6.664 

(0.662) (0.472) (0.906) (0.775) (0.788) (0.899) 

Observations 3504 1151 571 1199 200 400 

p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 5: Regression results for ‘number of days flooded’ (Possion with QML) 

Effects of forest cover 

The marginal effects of a km2 of forest on number of days flooded is derived by 

taking the derivative of Equation (3) with respect to forest cover. 

( )
( ) AreaFC

dflood pfcβ
=

∂
∂ _

         (6) 

There are three types of marginal effects (and expected values) that can be fashioned 

out of Tobit models. They are i) marginal effects of the latent variable; ii) marginal effects of 

the conditional (uncensored) variable; and iii) marginal effects of the unconditional 

(uncensored and censored) variables. In relation to our model, the latent effects refer to the 

propensity of flooding days. For this study, the conditional marginal effects are the most 

appropriate for policy evaluation as they directly measure the effects of forest cover when 

floods are observed. The conditional effects give the effects of forest cover when floods are 

actually observed. The unconditional effects give the effects of forest cover for both floods 

and non-flood events. In most cases, users of Tobit models are uninterested in effects on the 

latent variable because they always remain unobservable (e.g. desired charity contribution of 

those who chose not to contribute are never observed). However, there may be useful for 

future studies as drier conditions are more readily observable in this case. Table 6 presents 

the different marginal effects of forest share on the number of days flooded per month in a 

RBMU.15  

                                                 
15 Since forest share is expressed as a proportion, its marginal effect is the effect of changing from zero (totally 
deforested) to (totally forested). 
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Latent Conditional  Unconditional 

Effects of change forest 
share from 0 to 1 

-134.3 -15.52 -3.22 

Table 6: Different marginal effects of forest share on number of days flooded 

Next we consider the effects of a policy decreeing a 10% increase in forest share at all 

time period. For illustration purposes, this policy could be enacted using the existing forest 

management plan where if the plan was to have 1500 km2, 1200 km2, and 800 km2 of forest 

cover in three consecutive years, then the new plan would be to revise the forest cover targets 

to 1650 km2, 1320 km2, and 880 km2 instead. There are other types of policies to increase 

forest cover and the same general results will be obtained. The effects of such a policy can be 

derived by dividing the marginal effects in Table 6 by ten. As such, the conditional effect of a 

10% increase in forest share is a 1.552 decrease in number of days flooded for each RBMU in 

each month. To put this in context, columns (5), (6), and (7) of Table 7 expresses this effect 

as a percentage of the monthly mean number of days flooded in each state by different 

monsoon seasons. 

Conditional Effects 

(1) (2) (3) (4) (5) (6) (7) 

State 
Mean days 
flooded 
SWMS 

Mean days 
flooded 
NEMS 

Mean days 
flooded IMS 

Total Effect 
SWMS 

Total Effect 
NEMS 

Total Effect 
IMS 

Kedah 4.371 8.719 3.050 -35.51% -17.80% -50.89% 

Perak 2.850 6.366 9.763 -54.46% -24.38% -15.90% 

Selangor 2.969 3.201 2.509 -52.27% -48.49% -61.86% 

NS 0.563 0.392 2.323 -275.91% -395.58% -66.81% 

Melaka 2.000 7.583 0.000 -77.60% -20.47% -0.00% 

Table 7: Change in expected number of days flooded if forest cover increases by 10% 

The effects of the 10% increase in forest cover could also be expressed as the 

proportion of months where all floods were mitigated (Table 8). The figures show that forests 

are more effective in mitigating floods in the less intensive SWMS and IMS and this is in 

accordance with conventional belief that forests are useful for stopping small scale floods. 

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

State SWMS NEMS IMS 

Kedah 30.77% 25.00% 16.67% 

Perak 19.23% 14.71% 22.73% 

Selangor 50.00% 39.29% 51.52% 

NS 66.67% 100.00% 25.00% 

Melaka 0.00% 0.00% 0.00% 

Table 8: Proportion of months where all floods were mitigated due to 10% increase in forest cover 
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Second stage results - Evacuees 

The purpose of the second stage is to link flood damages to the number of days 

flooded. Only models for the West Coast subsample were estimated so that the results can be 

directly linked to the West Coast models from the first stage. The subsample is further limited 

only to observations where flood(s) occurred to prevent the estimates from being biased. This 

is because the zero evacuees from non-flood observations may not be ‘real’ zeros and so 

treating them as though they are will cause the results to be positively biased. 

Table 9 presents results estimated from Equation (6) using the Poisson QML. First, 

the coefficient for flood_d is positive and statistically significant. This means that the number 

of evacuees increases with the number of days flooded. Second, the number of evacuees is 

not correlated with population. Another model without the squared population term is also 

estimated to investigate if there is a linear relationship and results in column (2) show that 

population is also not statistically significant. Third, there is no difference in the number of 

evacuees regardless of monsoon seasons as both SWMS and IMS indicators are statistically 

insignificant. Fourth, unlike in the first stage, the coefficient for flood mitigation projects is 

now negative. This means that the projects are effective in reducing flood severity. Lastly, 

additional models with flood_n and rivers_f were also estimated and results are showed in 

Appendix 3. As expected, rivers_f are not statistically significant and flood_n is negatively 

correlated with number of evacuees. This could be explained by the fact that there are many 

urban areas such as Kuala Lumpur and Ipoh in the West Coast that are highly prone to high 

frequency short-lived flash floods which does not result in evacuations. 

West Coast 

(1) (2) 

VARIABLES evacuees evacuees 

      

flood_d 0.0988*** 0.0989*** 

(0.00209) (0.00208) 

pop RBMU 9.86e-07 2.39e-07 

(0.704) (0.233) 

pop RBMU-sqr -0 

(0.767) 

MIT projects -1.522** -1.492** 

(0.0301) (0.0303) 

SWMS dummy -0.607 -0.594 

(0.142) (0.134) 

$EMS dummy 0.452 0.453 

(0.199) (0.198) 

Observations 193 193 

Number of rbmu 14 14 
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p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 9: Regression results for ‘number of evacuees’ 

Effects of number of floods on number of evacuees 

Since the log-link function was used in the Poisson model, so the effects of the 

estimated coefficients can be interpreted in multiplicative terms by taking anti-log. 

Mathematically it is shown as: 
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From equation (7), one lesser day of flood results in 1.104 times or 10.4% less 

evacuees. For example, if a five-day flood has 1,000 evacuees, then a seven-day flood would 

have 1,218 evacuees. It should also be noted that monsoon effects were not included in 

Equation (6) as the monsoon indicator variables were not statistically significant from the 

regression analysis. 

Effects of forest cover on number of evacuees 

From the first stage, we know that the number of days flooded decrease by 1.552 days 

if forest cover increases by 10%. The second stage tells us that one lesser day floods results in 

10.4% less evacuees. Put together, this means that a 10% increase in forest cover on average 

decreases the number of evacuees by 16.14%. This result can be applied to our dataset to 

obtain the mean decrease in number of evacuees per year using: 
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The first term on the R.H.S. of Equation (8) (8)(8)(8)is the number of evacuees in a 

RBMU in a year for a monsoon season. Subscript s, r, j, and t denote state, RBMU, monsoon 

season, and year respectively. The numbers in Table 10 should be interpreted as follows: A 

10% increase in forest cover reduces the annual number of evacuees by 49 for the SWMS 

season in Kedah over 20 years.  

State SWMS Evacuees NEMS Evacuees IMS Evacuees 

Kedah -49.14 -415.59 -86.08 

Perak -3.46 -18.00 -55.39 

Selangor -69.41 -79.87 -24.39 

NS -6.29 -1.94 -8.72 

Melaka -0.77 -21.39 -0.27 
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Table 10: Average decrease in number of evacuees after forest cover is increased by 10% 

Second stage results – Deaths 

Even though flood-related deaths are rare occurrences in the West Coast but they 

shouldn’t be ignored due to their influence in shaping policies. However the lack of observed 

deaths is a statistical constraint that may result in imprecise estimates. To resolve this 

problem, the model is estimated using both East and West Coast data. However this also 

means that extra caution is needed in interpreting the results. The same model for predicting 

evacuees is applied to deaths where: 

( ) ititpopitMITitfnit popMITdflooddeaths εαααα ++++= _log 0     (9) 

The results from estimating Equation (8) are shown in Table 11. First, coefficient for 

flood_d is positive and statistically significant. Second, two models – one with population 

and another with both population and its squared term were estimated. As none of the 

population variables were significant, the more parsimonious model was chosen. Third, 

coefficient for flood mitigation projects is also statistically insignificant. This suggests that 

non-anthropogenic factors probably play a larger role in flood-related deaths. Fourth, the 

negative and statistically significant coefficient for the SWMS indicator variable tells us that 

this monsoon is less deadly than the NEMS while there are no statistically significant 

difference between the IMS and the NEMS. Similar to the evacuees model, results from 

models with more regressors and other estimation methods are presented in Appendix 3 for 

comparison. 

East and West Coast 

  (1) (2) 

VARIABLES deaths deaths 

      

flood_d 0.0356* 0.0364* 

(0.0780) (0.0993) 

pop RBMU 1.29e-06 -1.18e-05 

(0.716) (0.647) 

pop RBMU-sqr 0 

(0.604) 

MIT projects 0.00107 -0.0195 

(0.995) (0.923) 

SWMS dummy -14.82*** -15.40*** 

(0) (0) 

$EMS dummy -0.110 -0.132 

(0.650) (0.608) 

Observations 117 117 

Number of rmbu 11 11 

p-values in parentheses 
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*** p<0.01, ** p<0.05, * p<0.1 

Table 11: Regression results for ‘number of deaths’ 

Effects of forest cover on number of deaths 

The figures in Table 12 shows the effects of a 10% increase in forest on the number of 

deaths and they are obtained by multiplying the change in number of days flooded (1.552) by 

the marginal effects of one lesser flooded day (3.62%) and the mean number of deaths from 

our dataset. It is not surprising that there are no effects in most states since flood-related 

deaths are extremely rare occurrences in West Coast Malaysia. 

State SWMS Deaths NEMS Deaths IMS Deaths 

Kedah 0.000 -0.006 0.000 

Perak 0.000 -0.006 0.000 

Selangor 0.000 0.000 0.000 

NS 0.000 0.000 0.000 

Melaka 0.000 0.000 0.000 

Table 12: Change in number of flood-related deaths after forest cover is increased by 10% 

Monetizing Benefits 

In this section, two flood-related benefits from the 10% increase in forest cover are 

monetized. The first benefit is an estimate of reduced mortality from lesser number of days 

flooded.  
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sjVSL  is the value of a statistical life in a state for the same monsoon season across 

20 years. This is a commonly used measurement for valuing the amount societies are willing 

to pay to reduce the risk of mortality. rjtDeaths is number of deaths per year and monsoon 

season in a RBMU. dε  is the income elasticity of demand for reduced risk of mortality. There 

are three ways to estimate VSL and they are i) contingent valuation from surveys, ii) wage-

risk studies, and iii) consumer behavioral studies (Miller, 2000). Carrying out any of these 

methods is a huge undertaking which is beyond the scope of this study. Instead, benefit 

transfers technique is used to infer the VSL for Malaysia. Although there are many studies 

estimating VSL but there is no relevant estimates in relation to flood mortality risk and 

therefore we proxy using VSL adopted by the U.S. Environmental Protection Agency. These 

figures are taken from an extensive literature review conducted by Viscusi and Aldy (2003). 

To adjust for disparity in income, Krupnick et al. (1995) used a wage ratio to adjust 

willingness to pay (“WTP”) for avoidance of health damages in the United States to Eastern 
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European countries. The implicit assumption of using wage ratio is that one’s WTP is directly 

proportional to income. Their study also raised two concerns regarding the appropriateness of 

using a wage ratio. Firstly, direct costs need not be constant across countries as a share of 

income. Secondly and more importantly, Mitchell and Carson (1986) demonstrated that WTP 

for reduced mortality is an inferior good where demand increases as income decreases. As 

such, the wage ratio needs to be augmented by the income elasticity of demand for WTP on 

reduced risk of mortality. Updated analysis from Viscusi and Aldy (2003) showed that 

income elasticity is between 0.5 to 0.6. In all, the VSL is adjusted by the wage ratio 

(GDPMalaysia/GDPU.S.) and an income elasticity of 0.55. 

The second benefit is averted evacuation costs at the household level. The method for 

monetizing this benefit is again the benefits transfer approach. Whitehead (2004) conducted a 

study on evacuation costs incurred by households due to for a hurricane event in North 

Carolina, USA in 1998. He separated the household costs of evacuation into two categories of 

direct costs and travel and time costs. The former refers to expenditures incurred when the 

household is away from home (such as meals, lodging, etc…) while travel and time costs are 

conditional on the destination of the evacuees. Stated preference method was used to obtain 

the amount each household spent on the above categories. Four sets of evacuation costs were 

estimated from the interviews, they are evacuations at hotels, shelter, friends/family, or other. 

For our purpose, the closest fit is the shelter category since the evacuees in the flood reports 

were most likely from state-organized evacuations. Table 13 reproduces the estimated 

evacuation costs from Whitehead (2004). Two adjustments are needed in order to fit his 

estimates to our purpose. First, figures in Table 13 are presented as household-level 

evacuation costs and this needs to be restated as a per-day evacuee-level cost.16 Two, the 

costs estimates are similarly adjusted using wage ratio and income elasticity of 0.55. This is 

because the purpose of evacuating from floods or hurricanes is to protect oneself from injury 

and/or death. As such, evacuation costs can be thought of as a WTP for avoidance of injuries 

and this WTP is proportional to income. In all, the household-level evacuation costs are 

measured according to: 
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16 Personal correspondence with the author revealed that the average number of days evacuated is 3 days and 
average household size is 2.8 persons. 
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Evac Cost is individual-level evacuation costs. rjtEvacuees is number of evacuees per 

year and monsoon season in a RBMU. dFlood _  is the number of days flooded for each 

monsoon season. Evac cost/day is the individual level evacuation cost for each day of 

evacuation. The estimates for both benefits of flood damages avoided from an additional 10% 

of forest cover are presented in Table 14. 

 
Hotel Shelter Friends/Family Other 

Lodging $162.73 $0.00 $0.00 $0.00 

Food $94.03 $62.54 $45.88 $17.40 

Entertainment $12.70 $0.39 $2.41 $0.30 

Other $5.27 $23.31 $4.81 $2.15 

Travel $106.47 $35.25 $69.70 $64.46 

Time $88.59 $22.75 $50.80 $54.30 

TOTAL $469.79 $144.24 $173.60 $138.61 

Table 13: Household-level evacuation costs from Whitehead (2003) in 1998 US-dollars 

 
SWMS 

Evacuation 
Cost 

NEMS 
Evacuation 

Cost 

IMS 
Evacuation 

Cost 

SWMS 
VSL 

NEMS VSL IMS VSL Total 

Kedah -115,680 -1,150,249 -40,987 0 -1,019,385 0 -2,326,302 

Perak -6,477 -85,663 -393,923 0 -579,102 0 -1,065,166 

Selangor -63,743 -50,921 -27,919 0 0 0 -142,583 

NS -2,012 -135 -595 0 0 0 -2,741 

Melaka -531 -37,071 0 0 0 0 -37,602 

Table 14: Flood damages averted from 10% increase in forest cover for states in Malaysian West Coast  

From the calculations, the estimated flood damages avoided from a 10% increase in 

forest cover is about 3.5 million Malaysian ringgit aggregated over 1981 to 2000 for four 

states on the Malaysian West Coast. All benefits are adjusted to 2008 price level and 

discounted to 1981 present value at 5% per annum. By itself, this calculation has little 

practical value with respect to flood management policy unless it is compared to other 

benefits and costs. For many reasons, this figure is an underestimation of the true benefits but 

the main purpose of this section is to illustrate how results in the first and second stages could 

be used to value flood mitigation benefits provided by forests 

V.  CO�CLUSIO� 

By combining results the first two stages of the three-stage framework, it was found 

that the flood mitigation benefits provided by forests in Malaysia amount to 3.5 million 

ringgit over 20 years. The benefits valued were evacuees and deaths averted. There are two 

main implications from these results. First, there are clear differences in impacts of forest 
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cover at different states and during different monsoon seasons. These differences are 

probably driven by a combination of socio-economic and climate factors. Second, this value 

is an understatement of the actual flood mitigation benefits as there are many other prominent 

benefits such as property damages that are not estimated. This figure provides a good start for 

quantifying flood mitigation benefits and can be applied in either PES schemes or cost-

benefit analysis of flood mitigation projects. 
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Figure 3: (Left) Flood map of Perak state. Flood-prone areas are colored in yellow (source: JPS, 2003). (Right) Map of Perak state with rainfall stations (source: 

DID website)

  



31 
 

 
Figure 4: Rainfall pattern by coast 

Figure 5: �umber of 

floods by coast and 

month 
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Appendix 1 

  East Coast Combined  

(Jan-Dec) (Oct-Jan) (Nov-Dec) (Jan-Dec) (Oct-Jan) (Nov-Dec) 

VARIABLES flood_d flood_d flood_d flood_d flood_d flood_d 

              

Proportion forest cover 47.12* 42.98 17.28 10.03 29.22 12.79 

(0.0978) (0.125) (0.454) (0.607) (0.242) (0.585) 

ln(rainfall) 15.74*** 17.04*** 11.20*** 11.83*** 12.90*** 10.02*** 

(0) (0) (0) (0) (0) (0) 

MIT projects 0.502 0.522 0.0983 2.812*** 2.118* 1.606 

(0.740) (0.724) (0.936) (0.000448) (0.0669) (0.149) 

SWMS dummy -5.617 -1.983* 

(0.276) (0.0924) 

$EMS dummy 13.77*** 4.775*** 

(5.20e-05) (5.11e-06) 

Constant -131.2*** -142.5*** -87.52*** -86.68*** -94.57*** -66.35*** 

(0) (0) (6.71e-09) (0) (0) (1.85e-09) 

Observations 4410 1404 653 7914 2555 1224 

p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 15: Regression results for ‘number of days flooded’ for East Coast and both East and West Coasts 
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Appendix 2 

  East Coast  West Coast  

(Jan-Dec) (Oct-Jan) (Nov-Dec) (Jan-Dec) (Oct-Jan) (Nov-Dec) 

VARIABLES flood_n flood_n flood_n flood_n flood_n flood_n 

              

Proportion forest cover 1.065 0.992 -1.370 -25.64*** -15.83*** -18.15*** 

(0.552) (0.562) (0.411) (6.79e-05) (0.00582) (0.00171) 

ln(rainfall) 1.482*** 1.550*** 0.965*** 1.249*** 1.039*** 0.963*** 

(0) (0) (6.22e-09) (0) (7.44e-08) (4.62e-05) 

SWMS dummy -4.030*** -0.469*** 

(3.30e-05) (0.000438) 

IMS dummy -2.906*** -0.113 

(3.63e-08) (0.441) 

MIT projects 0.0828* 0.111*** 0.0518 0.980*** 0.958*** 0.784*** 

(0.0827) (0.00491) (0.225) (0) (0) (0.000122) 

Observations 4503 1490 736 3561 1181 589 

Number of rbmu 20 20 20 15 15 15 

p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 16: Regression results for ‘number of floods’ (Poisson QML) 

 
  East Coast West Coast 

(Jan-Dec) (Oct-Jan) (Nov-Dec) (Jan-Dec) (Oct-Jan) (Nov-Dec) 

VARIABLES flood_n flood_n flood_n flood_n flood_n flood_n 

              

Proportion forest cover 0.273 -0.867 -0.815 -21.46** -13.22** -15.23** 

(0.887) (0.663) (0.715) (0.0105) (0.0285) (0.0242) 

ln(rainfall) 1.496*** 1.565*** 1.003*** 1.295*** 1.058*** 0.975*** 

(0) (0) (0) (0) (1.11e-09) (0.000182) 

SWMS dummy -3.954*** -0.473*** 

(3.21e-08) (0.000473) 

IMS dummy -2.827*** -0.110 

(1.35e-06) (0.459) 

MIT projects 0.0862 0.0918 0.0885 0.921*** 0.939*** 0.701*** 

(0.530) (0.505) (0.527) (0) (1.24e-06) (0.00771) 

Constant -8.427*** -8.396*** -4.530*** 0.648 -1.409 -0.902 

(0) (0) (0.000528) (0.877) (0.608) (0.773) 

Observations 4503 1490 736 3561 1181 589 

Number of rbmu 20 20 20 15 15 15 

p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 17: Regression results for ‘number of floods’ (�egative binomial) 
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  East Coast West Coast  

(Jan-Dec) (Oct-Jan) (Nov-Dec) (Jan-Dec) (Oct-Jan) (Nov-Dec) 

VARIABLES rivers_f rivers_f rivers_f rivers_f rivers_f rivers_f 

              

Proportion forest cover 1.128 1.035 -1.370 -30.40** -18.93** -14.53* 

(0.632) (0.717) (0.653) (0.0128) (0.0419) (0.0898) 

ln(rainfall) 1.636*** 1.740*** 1.198*** 1.634*** 1.515*** 1.585*** 

(0) (0) (0) (0) (0) (2.31e-08) 

SWMS dummy -4.194*** -0.315** 

(1.60e-05) (0.0108) 

IMS dummy -3.151*** -0.118 

(1.37e-08) (0.616) 

MIT projects 0.0784 0.125 0.0740 0.988*** 0.967*** 0.740** 

(0.289) (0.138) (0.456) (7.70e-07) (2.50e-07) (0.0176) 

Observations 4503 1490 736 3561 1181 589 

Number of rbmu 20 20 20 15 15 15 

p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 18: Regression results for ‘number of rivers flooded’ (Poisson QML) 

  East Coast West Coast 

(Jan-Dec) (Oct-Jan) (Nov-Dec) (Jan-Dec) (Oct-Jan) (Nov-Dec) 

VARIABLES rivers_f rivers_f rivers_f rivers_f rivers_f rivers_f 

              

Proportion forest cover 5.147*** 4.067** 4.098** -7.364*** -7.569*** -7.683*** 

(0.00239) (0.0247) (0.0268) (6.14e-11) (0.000147) (0.00356) 

ln(rainfall) 1.629*** 1.725*** 1.229*** 1.371*** 1.175*** 1.166*** 

(0) (0) (0) (0) (8.70e-11) (2.14e-05) 

SWMS dummy -3.918*** -0.525*** 

(4.26e-08) (0.000240) 

IMS dummy -2.836*** -0.173 

(1.25e-06) (0.271) 

MIT projects -0.0354 0.00861 0.0520 0.769*** 0.867*** 0.746*** 

(0.799) (0.952) (0.722) (0) (6.91e-08) (0.000215) 

Constant -11.74*** -11.88*** -8.520*** -7.660*** -6.209*** -5.943*** 

(0) (0) (0) (0) (2.63e-08) (0.000428) 

Observations 4503 1490 736 3561 1181 589 

Number of rbmu 20 20 20 15 15 15 

p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 19: Regression results for ‘number of rivers flooded’ (�egative binomial) 
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Appendix 3 

West Coast 

VARIABLES evacuees evacuees 

      

flood_d 0.102*** 0.102*** 

(0.000449) (0.000427) 

flood_n -0.901* -0.899* 

(0.0596) (0.0565) 

rivers_f -0.0318 -0.0306 

(0.531) (0.552) 

pop RBMU 1.65e-06 2.17e-07 

(0.571) (0.439) 

pop RBMU-sqr -0 

(0.602) 

MIT projects -1.534** -1.480** 

(0.0166) (0.0136) 

SWMS dummy -0.510 -0.490 

(0.299) (0.307) 

$EMS dummy 0.539 0.539 

(0.158) (0.158) 

Observations 193 193 

Number of rbmu 14 14 

p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 20: Regression results for ‘number of evacuees’ with additional regressors (Poisson QML) 
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West Coast 

VARIABLES evacuees evacuees evacuees evacuees 

          

flood_d 0.0401*** 0.0386*** 0.0372*** 0.0355** 

(0.00284) (0.00450) (0.00931) (0.0143) 

flood_n 0.207 0.212 

(0.364) (0.354) 

rivers_f 0.154*** 0.162*** 

(0.000383) (0.000122) 

pop RBMU 1.36e-06* -1.71e-07 1.10e-06 -1.40e-07 

(0.0979) (0.383) (0.182) (0.476) 

pop RBMU-sqr -0* -0 

(0.0623) (0.131) 

MIT projects -0.275* -0.140 -0.310** -0.207 

(0.0609) (0.281) (0.0376) (0.125) 

SWMS dummy -0.228 -0.261 -0.486 -0.525 

(0.516) (0.454) (0.188) (0.154) 

$EMS dummy -0.102 -0.126 -0.223 -0.251 

(0.737) (0.677) (0.468) (0.414) 

Constant -3.260*** -2.697*** -3.520*** -3.070*** 

(0) (0) (0) (0) 

Observations 193 193 193 193 

Number of rbmu 14 14 14 14 

p-values in parentheses 

*** p<0.01, ** p<0.05, * p<0.1 

Table 21: Regression results for ‘number of evacuees’ (�egative binomial) 


