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ABSTRACT 
 
Rational allocation of limited public resources is critical to achieve the stated aims of 
government programmes. Here, we focus on the regional allocation of public spending for 
disaster risk reduction (DRR) in Bangladesh as a case study to identify the rationale that 
guides public funding allocations. It is well understood that any government’s public 
spending decision-making is also affected by considerations other than need, and our 
objective in this paper is to identify all of the directly observable determinants’ of publicly 
allocated and realized spending at the local government (sub-district) level. We employ the 
Heckman two-stage selection model with detailed public finance and other data from 483 
sub-districts (upazilas) across the country. While some of our results conform with our 
priors, our estimations surprisingly find that government does not respond to the sub-
district’s risk exposure as a factor affecting the DRR financing mechanism. This variable is 
consistently counter-intuitively statistically insignificant. The DRR regional allocations do not 
seem to be determined by risk and exposure, only weakly by vulnerability, nor even by more 
transparent political economy motivations.  
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1. Introduction 

A burgeoning literature has been investigating the efficacy of public spending in 

lower income countries. For example, recently Sennoga and Matovu (2013) provided an 

investigation of public spending in Uganda, Ramirez (2004) investigated public infrastructure 

spending in Mexico, Kruse et al. (2012) examined public health spending in Indonesia, and 

Rajkumar and Swaroop (2008) focused on a cross-country statistical analysis of levels of 

spending, institutional structures, and its relevant outcomes. This literature also uses a wide 

variety of methodologies to approach this efficacy question: Sennoga and Matovu (2013) 

used general equilibrium modeling, Ramirez (2004) used a vector error correction empirical 

model with impulse response functions, and Kruse et al. (2012) used panel data regression 

techniques.  

This literature assumes that public spending is indeed geared towards achieving the 

relevant favourable outcomes—productivity growth for infrastructure spending, better 

health service utilization for health spending, or improved literacy for education spending. 

More importantly, this literature implicitly assumes that funding is allocated optimally given 

these desired outcomes and the perceived community needs. It is this last assumption that 

we examine in this paper. We ask whether we can find evidence that public spending is 

indeed allocated rationally according to perceived needs, or whether we can identify other 

explanations for the pattern of de facto public spending on a specific targeted program. 

We focus on disaster risk reduction (DRR) spending in Bangladesh for several 

reasons. Disaster risk reduction spending has a clearly defined policy aim, and measurable 

outcomes. As such, DRR spending is maybe uniquely suited to examine the rationale for the 

regional allocation of public resources. Bangladesh has a long history with natural disasters 
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due to its geography and its location on the shores of the Bay of Bengal. Natural hazards in 

Bangladesh range from floods and cyclones to river bank erosion and droughts. Flooding 

associated with the monsoon season occurs each year. The monsoon rain plays a pivotal 

role in securing domestic agricultural production, but can also kill people and devastate 

crops and livelihoods. Along the coasts, the most destructive cyclones generate storm 

surges that can inundate vast areas of land, and have in the last few decades killed hundreds 

of thousands of people. Given all these; it is obvious that disaster planning and government-

led disaster risk reduction (DRR) program have both been part of the Bangladesh 

government’s economic planning process for a long time.  

Bangladesh, it is important to note, is widely perceived as poster-child for successful 

spending on DRR by a developing country. In particular, Bangladesh is often mentioned for 

its successful early warning programmes for cyclones, which is frequently and favourably 

contrasted with neighbouring Burma after its catastrophic experience with cyclone Nargis in 

2008. Most recently for cyclone Sidr in 2007, for example, Bangladesh managed to evacuate 

millions away from the coast and the storm’s surge (Paul and Dutt, 2010).1 Bangladesh’s 

successful disaster risk reduction policies are also mentioned in the context of the 

management of the annual monsoon floods (del Ninno et al., 2003). 

A demonstration of the crucial role that government safety net policies can play in 

DRR is the comparison of the severe flood of 1998 in comparison to an equally severe flood 

in 1974.2 In this case, in 1998, the government’s substantial disaster management facilities 

and emergency food and financial assistance through better management of targeted 

programs such as Vulnerable Group Feeding (VGF) and Food For work (FFW), it is claimed, 

                                                           
1
 For further data and a comparison of Sidr to previous storms, see p. 502 in IPCC (2012). 

2
 The severity of the 1998 flood has been identified in terms of area affected (affecting two-thirds of the 

country) and its duration (from early July till mid-September) in many areas. Its direct damages were estimated 
at US$2 billion (Khandker, 2007). 
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helped prevent mass starvation and other associated risks compared with the severe flood 

impacts of 1974.3 

Besides the already mentioned ease of determining the aim of DRR spending in the 

Bangladeshi context, its importance is also well established. Ex ante spending choices on 

disaster risk management has been advocated for by all the international aid multilaterals—

DRR’s importance in reducing mortality, morbidity, and risk to livelihoods is undisputed in 

Bangladesh, and elsewhere. In Bangladesh, as in other high-risk countries, one of the more 

important decisions the central government consistently needs to make is how to allocate 

DRR spending across communities to minimize and mitigate the risks associated with the 

natural hazards they are exposed to.  

Our focus here amounts to answering a basic question: ‘what determines public 

spending in disaster risk reduction and mitigation in Bangladesh?’ We believe that this 

particular question has important implications not only for DRR spending in Bangladesh—as 

important as that is—but also to DRR spending elsewhere, and more generally for 

government spending in low income countries and its challenges. 

We identify the determinants’ of per capita public spending on disaster risk 

reduction and mitigation at the local government (sub-district/upazila4) level in Bangladesh. 

The objective of this study is to identify the rationale behind the allocation of public 

spending based on the stated aims of these DRR safety net programs.  

The following sections describe the background literature, the theoretical basis for 

our empirical setup and its technical details of the Heckman two-step selection model we 

                                                           
3
 For discussions and analysis of the impacts of floods in Bangladesh, see Khandker (2007) and Banerjee (2007). 

4
 Bangladesh is divided into 7 administrative regions (Divisions), 64 districts (Zila) and 483 sub-districts (Upazila).    

Our primary focus in this investigation includes all 483 sub-districts. 
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use, the data and its summary statistics, and the estimation results and their interpretation. 

We conclude by identifying potential caveats, and discussing possible future research.  

 

2.  The Determinants of Fiscal Spending in Developing Countries? 

The financial aspects of post-disaster fiscal management have been examined in 

country-specific policy papers (for example, Bangladesh after the 1998 flood is examined in 

Benson and Clay, 2002, while Belize is analysed in Borensztein et al., 2009). Several cross-

country studies have also attempted to measure the average post-disaster fiscal costs of a 

proto-typical disaster (for example, Noy and Nualsri, 2011 and Lis and Nickel, 2010); a global 

assessment is provided in Hochrainer-Stigler et al. (2014). None of these papers examine ex-

ante disaster risk financing.  

We are not aware of any literature that attempts to examine the rationale behind 

central government’s financing to the sub-national level in lower- and middle-income 

countries; neither in the context of disaster risk financing, nor in other contexts.5 We aim to 

investigate the determinants of sub-district financing for DRR activities and examine 

whether these flows of funds are conditional upon actual (or perceived) local hazards, 

vulnerabilities, other socio-economic regional attributes, and political affiliations at the local 

government level.6  

The research project most closely related to our own work is Miller and Vela (2014). 

They examine the allocation of disaster funding (both preventative and for recovery) for 

                                                           
5
 Vorhies (2012) summarizes the literature on fiscal spending on DRR, and also does not identify any research 

on the determinants of this spending. 
6
 Indirectly, Hodler and Raschky (2014) identify political favoritism in regional allocations by examining the 

intensity of nighttime light in regions associated with the political leadership. Aldrich (2010) and Takasaki 

(2011) identify the ability of elites to capture post-disaster reconstruction spending in India and rural Fiji, 

respectively. 
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Peruvian regions (districts in the Bangladesh context), and focus on whether distribution of 

public expenditure in both recovery and prevention categories is conditional upon the 

occurrence of natural disasters in the recent past and on exposure and vulnerability. The 

data they use, their empirical approach, and the questions they ask are all quite different, 

but ultimately they also find it difficult to correlate the spending they examine with 

measureable risk. 

 

3. What we define as DRR? 

We interpret the term DRR spending broadly, given the often repeated insight that 

‘an ounce of prevention is worth a pound of cure’ and the increased awareness that social 

and socio-economic vulnerability is as important in determining a disaster’s impact as is the 

hazard itself. The need for social protection through the provision of social safety nets has 

been reiterated in various papers that focus on DRR (for example, Pelham et al., 2011; 

Rahman and Choudhury, 2012; and World Bank, 2010). An example of a disaster safety net 

program incorporated into the country’s DRR policies is Bangladesh’s National Disaster 

Management Prevention Strategy.7  

An additional type of DRR activity that we include in our analysis is ‘investments in 

specific infrastructure’ whose aim is disaster prevention; again this type of DRR spending is 

widely recognized in the DRR literature (for example, World Bank, 2010). For example, the 

Department of Disaster Management (DDM) in Bangladesh constructs bridges/culverts (up 

to 12 meters long) under its Annual Development Plan – the direct aim for this 

infrastructure is DRR rather than development or poverty alleviation more broadly.  

                                                           
7
 In this paper, the term ‘Disaster Safety Net’ refers to particular social safety net programs that have 

embedded structural mechanism of disaster risk reduction activities. See Pelham et al (2011) for discussion of 
these programs. 
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The connection between the climate and disaster occurrence is obvious, but the 

causality from climatic change to disasters has only been emphasized in the past few years, 

and most forcefully by the IPCC in their Special Report on Extreme Events (IPCC, 2012). 

Another international organization that has emphasized the link between DRR and climate 

change adaptation is the United Nations International Strategy for Disaster Risk Reduction 

(for example, UNISDR, 2009b).8 We therefore also include an investigation of the US$350 

million allocated by the Government of Bangladesh in fiscal years’ 2009-2013 to tackle 

climate change impacts. 

 

4.         Linking Social Safety Net and Disaster Risk Reduction: Conceptual Framework 

A conventional way of considering the links between social protection, climate 

change adaptation and DRR is represented in figure 1. In this conceptualisation, some social 

protection programs contribute to DRR and to climate change adaptation. Our argument is 

essentially that the programs we analyse in this paper, for example those whose objective is 

ensuring food security, have this broader scope that also includes  protection in the context 

of longer-term adaptation to climatic disasters and other shocks. Similar arguments are 

raised by several papers who evaluate these programs effectiveness in addressing 

vulnerabilities in Bangladesh (e.g., Kamal and Saha, 2014; Coirolo et al. 2013; Khuda, 2011).  

In particular, the Vulnerable Group Development (VGD) and Food for Work (FFW) 

programmes address social protection, and disaster risk reduction through protective, 

preventive measures (Al-Mansur, 2011). However, these papers have portrayed these 

programmes’ limitations as well. Public spending through safety net programmes might not 

result in the desired outcomes as they might be mis-identifying or mis-targeting their 

                                                           
8
 See also Shamsuddoha et al. (2013). 
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beneficiaries, through leakages in programme funding, as well as regional disparities in the 

efficacy of implementation. Our investigation here can therefore be thought of as an 

examination of effectiveness as it is based on the rational allocation of resources.9  

We note two additional caveats. It may be that at least for some of these programs, 

DRR is not their sole aim. In these cases, our inability to identify disaster risk as a 

determinant (see below) may be partly explained by these other goals of these programs. 

Also, some of these programs are meant to emphasize ex-post assistance, rather than ex-

ante DRR as we hypothesize. While in practice they may be used in this way, overall these 

programs are considered part of the government’s DRR portfolio. 

 

5. The possible determinants of DRR  

The future probability of exposure to hazards (and their probable intensity) is 

proxied in this paper by past experience of this hazard. In this case, we focus on DRR 

activities that are mostly related to flood exposure, and therefore focus on flood risk. We 

measure the past exposure to hazards using details of rainfall record in each region.10  

The two other components of disaster risk, after the hazard itself, is the exposure of 

the population, and its vulnerability. Socio-economic vulnerability is as important as 

geographical exposure in order to fully understand community-level adaptive capacity. The 

past literature has identified indicators of socio-economic vulnerability to natural hazards 

and emphasizes the importance of integrating them into national disaster prevention 

planning (Cutter et al. 2009; Tapsell et al. 2010). This widely discussed need to insert this 

                                                           
9
 Browne (2014) examines the Char Livelihoods Program (CLP), which also address climate resilience. However, 

we are unable to include this programme in our analysis because of data limitations. 
10

 The risk associated with geological hazards is much more difficult to forecast, and this partly justifies our 

choice to focus on Bangladesh, where disaster risk is generally only associated with climatological events 

(unlike, for example, Peru) – see, for example, Kerr (2011). 
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socio-economic perspective into DRR planning motivates our use of socio-economic 

indicators. 

The political dimension of natural disaster policy has also received attention in 

recent years with a primary focus on the evident failure of politicians’ and voters’ to 

prioritize prevention over post-event response.11 When funding is awarded ex ante, the 

evidence seems to suggest that governments favour spending in regions that are politically 

aligned with the party in power (e.g., Cohen and Werker, 2008), and this is one focus of our 

investigation. 

In one particular project, Saha (2015) identified institutional factors impacting 

vulnerability, including inadequate public services, and the provision of cyclone shelters. 

Therefore, as possible determining factors of DRR public spending, we include availability of 

public universities and number of cyclone shelters per 10,000 people in the districts/sub-

districts under investigation for additional robustness. We also include a binary indicator 

identifying the districts that experience the most political violence as identified by Saha 

(2015).12 

 

6. The Data 

The data for this study were collected from various Bangladeshi government sources 

described below, both online and in print (see also the online appendix).  

 

 

                                                           
11

 See for example Healy and Malhotra (2009) and Garret and Sobel (2003) on US post-disaster funding, Cole et 
al. (2012) on India, and Fuchs and Rodriguez-Chamussy (2014) on Mexico. 
12

 All tables showing the estimation results with the additional variables have been provided in an appendix 

posted online. 
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6.1 DRR intervention programs in Bangladesh 

Figure 2 demonstrates the total amount of recovery, rehabilitation and prevention 

funding for the damages caused by major hazards of 2002, 2003, 2004, 2007 and 2009. In 

most cases, it is below $100 million per year. This data from ADB (2015) also depicts an 

average funding allocation of about $50 million per year during 2010-2013, suggesting some 

of the recovery and rehabilitation efforts following tropical cyclone Sidr and 2009 cyclone 

Aila spilled over to 2010-2013.13  

The disaster risk reduction public spending data at the local government level was 

collected from publications of Bangladesh’s Ministry of Food (former Ministry of Food and 

Disaster Management) – where sub-district (upazila) disaster risk reduction and mitigation 

funding allocation data from FY (fiscal year) 2010-11 to FY2013-14 were available. For each 

year, the dataset records the ‘allocation’ (allocated spending) and ‘expenses’ (realized 

spending) for the various disaster safety net programmes - Test Relief (TR), Food For Work 

(FFW), Gratuitous Relief (GR) and Vulnerable Group Feeding (VGF). It also records the same 

information for the DRR infrastructure programme (bridges /culverts) and the climate 

change fund (also known as the climate investment fund). The programs are described 

below. 

The Test Relief (TR) program has been implemented since 1975 in rural areas. This 

programme is mainly for repairing roads, damaged infrastructure such as schools and clinics, 

and other rural activities. It provides employment opportunities by providing 8 kilograms of 

rice/wheat to every person in return for working 7 hours/day in specific projects related to 

disaster risk reduction and mitigation. The Gratuitous Relief (GR) programme (established in 

                                                           
13

 We present average public expenditure across 64 districts during 2007-2010, in the appendix (appendix 

figure 1).  
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1973) is designed to provide a maximum of 20 kilograms of rice/wheat to affected poor 

households with no associated work requirements. Vulnerable Group Feeding (VGF) is 

another form of gratuitous relief (that is without work requirement) and is normally 

launched during or after a disaster and attempts to assist people remaining vulnerable to 

hunger.  

The Food For Work (FFW) program is designed for construction, maintenance, 

reconstruction and development of rural infrastructure. Based on government food and 

monetary support, various rural infrastructural projects (many of them aimed at reducing 

vulnerability) are financed under this program during normal times and in post-disaster 

scenarios. Among these infrastructure projects, the Department of Disaster Management 

funds construction of bridge/culverts (up to 12 meter long) under the Bridges and Culverts 

programme.  

Data has been aggregated by adding up allocations in general and special categories 

under each DRR programme for each of the 483 sub-districts over the four years for which 

we have the funding allocations. The dependent variable is the sum of these years. We 

converted the food allocations in some of these programs into its monetary value using the 

contemporaneous (average) market price of rice in Dhaka (wholesale price). We aggregate 

both food and cash amount to get total allocation under each particular activity for each 

sub-district. We then divide total allocated and realized spending amounts for each 

program/sub-district by the size of the population of each corresponding sub-district.  

 

6.2 Rainfall Hazard Data 

Due to its geographical location in the South-Eastern part of the Himalayan region 

and being at the confluence of three major rivers – the Ganges, the Brahmaputra and the 
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Meghna, Bangladesh is an extremely flood-prone. River-bank flooding occurs mostly during 

the monsoon period (May-October).14 High rainfall is primarily the reason of river-bank 

floods. Here, we calculate a rainfall-based flood risk probability index for 483 sub-districts of 

Bangladesh. The index captures historical rainfall variability to determine local flood risk. We 

note that as much as this index is based on past experiences, it does not capture the 

projected future changes that are associated with climatic change. 

To develop this index, we collected annual rainfall data of 64 years for 35 weather 

stations covering the whole country for 1948-2012 from the Bangladesh Meteorological 

Department (BMD). We first calculated total monthly rainfall for each year-station. We next 

calculated the mean and standard deviation for each month for each sub-district by 

matching weather stations with sub-districts.15 For a low flood risk index, we count the 

number of months over the 64 years for which we have data with extreme rainfall using two 

thresholds: monthly rainfall exceeding 15 percent of average annual rainfall for this sub-

district; and monthly rainfall exceeding one standard deviation above the mean for that 

month throughout the available time period.16 We calculate the number of months with 

extreme rainfall to obtain the probability of flooding occurring annually in that particular 

weather station (and consequently sub-district). The mean probability is 0.93 with 0.16 

standard deviation. The second index, high flood risk, is constructed similarly, but in this 

case the two thresholds are 20 percent of average annual rainfall and more than two 

                                                           
14

 Other, less common types of flooding are the flash floods (in hilly areas) and storm surges (along the coast). 
See also Paul and Mahmood (2016). 
15

 In cases where a sub-district did not have a rainfall measurement station, we used an average of the three 
nearest stations.  
16

 The historical coverage of rainfall data in BMD weather stations varies depending upon their establishment 
year. Therefore, we calculate the average number of months with extreme rainfall by dividing with the total 
number of rainfall years available to calculate the probability of annual flooding in that particular weather 
station. Guiteras et al. (2015) use satellite data for rainfall, but find that this data is poorly correlated with 
actual flooding.  
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standard deviation above the monthly mean. For the high-risk measure, the mean 

probability is 0.26 with 0.08 standard deviation.  

 

6.3 Other Variables 

Population numbers and poverty rates for each sub-district (annually) were collated 

from government circular orders of the Department of Disaster Management. Our proxy for 

‘economic development’ for each sub-district is a composite variable averaging the shares 

of the population with access to basic amenities (electricity, safe drinking water, and 

sanitation facilities) from the 2011 Population and Housing Census of Bangladesh.  

To capture the importance of politics in allocation of funding from the central 

government to the sub-regions, we construct a political binary variable that measures 

whether the Member of Parliament (MP) representing the sub-district belongs to the main 

political party in power. To construct this variable, we divide the 300 electoral 

constituencies with respect to 483 sub-districts based upon the electoral delimitation 

information on the Bangladesh Gazette (2013). Information regarding election results and 

the sub-district representatives has been collected from the Bangladesh Election 

Commission report of 2008.  

According to the Coastal Zone Policy of the Government of Bangladesh (2005), the 

zone is divided into ‘exposed coast’ (the area/upazilas that front the sea directly, and 

‘interior coast’ (the area/upazilas that are located behind the exposed coast). Here, we 

include both groups to create the ‘coastal belt binary variable’. Another dummy variable has 

been created to capture ethnic divisions within the sub-district. Bangladesh, unlike some of 

its neighbours, is relatively homogenous. We include a dummy variable noting if indigenous 

ethnic minorities reside in a particular sub-district. To create this ethnicity dummy, we use 
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information from the 2011 Population and Housing Census of Bangladesh. We add two 

more binary variables. The first identifies the central sub-district in any particular district (in 

most cases that implies bigger populations, higher degree of urbanization and more 

industrialization). The other indicates urban sub-districts associated with the two mega-

cities (Dhaka and Chittagong).  

 

7. Descriptive Statistics and Model Specification 

Table 1 reports the descriptive statistics of public spending on DRR in Bangladesh, 

including both allocated and realized spending for the four fiscal years 2010-11 to 2013-14 

for each of the programmes described earlier. These statistics include mean, standard 

deviation, maximum and minimum of total DRR allocated and realized spending per capita 

for only positive observations (when funds were allocated) for Test Relief (TR), Vulnerable 

Group Feeding (VGF), Food For Work (FFW), Gratuitous Relief (GR), Infrastructure Spending 

(Bridges and Culvert construction under FFW) and Climate Investment Fund (CIF). The mean 

for DRR allocated (realized) spending per capita for only positive observations is 51.4 (41.4). 

On average, TR provided the highest amount of funding per capita, followed by VGF, while 

the maximum amount in a single sub-district has been distributed through the VGF 

program.  

Table 2 documents the descriptive statistics of all the independent (RHS) variables. 

The mean population size in each sub-district is 0.26 million. The mean probability of low 

and high flood-risk assigned to each sub-district is 0.94 and 0.26, respectively. The political 

risk dummy indicates that fully 77 percent of sub-districts are represented by MPs from the 
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ruling party as a consequence of the 2008 general election. 19 percent of the 483 sub-

districts are in the coastal zone.  

We also examine the difference, in the Bangladeshi government’s accounts, between 

the allocated vs. realized spending, and whether the two are determined differently. We do 

not have a pre-conceived notion of the types of influences that affect the regional allocation 

of public spending, but for DRR spending, we assume that these are determined by the 

perception of risk, by socio-economic vulnerability, and by political and geographic factors.  

Some sub-districts do not receive any funding for some of the DRR programs we 

investigate over some fiscal years. Figures 1 and 2 demonstrate the number of sub-districts 

with no DRR funding. Out of 483 sub-districts; 211 sub-districts did not receive any funding 

at all.17 The funding allocation decision-making process therefore appears to comprise of 

two questions: The first asks: should sub-district X be allocated disaster risk reduction 

funding? If the answer to the first was affirmative, the second asks: How much should be 

allocated? Because of this hypothesized two-stage decision-making process, we employ a 

two-stage Heckman selection model to identify the determinants’ of public spending on 

disaster risk reduction and mitigation. 

The premise of this set up is that the government first makes the decision whether 

to allocate funding for a particular sub-district, and then decides how much to allocate to it. 

The determinants of each stage in the decision making process can therefore be different. It 

is likely that  in the first stage, the size of the subdistrict, in terms of its population, may be 

one of the determinants of this decision (where bigger regions are more likely to be 

considered for funding), while the second stage is less affected by the size of the district as 

the decision how much to allocate is considered on a per-capita basis.  

                                                           
17

 Two additional sub-districts were allocated some funding but this was not realised. 
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To construct this two-stage selection model, we start with: 

𝑆𝑃𝐸𝑁𝐷𝑖𝑗𝑡
𝑥 = 𝑓(𝑟𝑖𝑠𝑘𝑣, 𝑝𝑜𝑝𝑖𝑡, 𝑝𝑜𝑣𝑖𝑡, 𝑑𝑒𝑝𝑖, 𝐷𝑖)      *1+ 

Public spending (SPEND) in sub-district (i), for program (j), at fiscal year (t), is a function of 

several vectors of variables: The perceived risk (risk) which is calculated as an index 

constructed from past exposure, with low and high thresholds (v); the population (pop) and 

poverty (pov) rates in the receiving sub-district; and measures of socio-economic deprivation 

(dep: measured as access to certain assets – see the data discussion in section 3.5). This 

public spending is also a function of a set of characteristics, measured as binary variables 

(vector D), that include political affiliation with the centre, presence of ethnic minorities, 

being a district headquarter, belonging to either of the two large metropolitan areas, and a 

coastal location. The spending variable measures either the allocated or realized equivalent 

for each sub-district, fiscal year, and DRR programme (indicated by superscript x). 

Our theoretical prior is that these determinants’ should have positive correlation 

with sub-districts’ DRR funding allocation. Ceteris paribus, a sub-district with higher 

perceived risk, more poverty, less access to assets, more deprivation, more political 

connections, and a coastal location should be receiving more DRR funding (either allocated 

or realized). We are agnostic regarding several of the other controls, including location as a 

district headquarter or as part of the two metropolitan agglomerations, and the presence of 

ethnic minorities. 

Given the truncated nature of this allocation (many sub-districts get nothing), we 

estimate the model in two stages. In the first stage, we estimate the probability of getting 

funding (𝑆𝑃𝐸𝑁𝐷𝑖𝑗𝑡
𝑥 > 0). More formally, the funding selection equation defines the cases 

where a particular sub-district has received or been allocated funding in any targeted 

program: 
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 𝑖𝑗𝑡 = {
  𝑖𝑓 𝑆𝑃𝐸𝑁𝐷𝑖𝑗𝑡

𝑥 > 0

0 𝑖𝑓 𝑆𝑃𝐸𝑁𝐷𝑖𝑗𝑡
𝑥 = 0

 and   𝑖𝑗𝑡 =   𝑖𝑗𝑡   𝑖𝑗𝑡    [2] 

Where,  𝑖𝑗𝑡 is a latent variable indicating funding, and is the dependent variable of the 

selection equation [2].  𝑖𝑗𝑡 is a vector of covariates, and  𝑖𝑗𝑡 is the random disturbance 

term. The selection variable  𝑖𝑗𝑡 is binary and we therefore use a Probit regression 

specification to estimate the first stage selection equation [2]. The second stage specifies 

the outcome (public spending) equation where public spending (allocated or realized) is the 

dependent variable. The model specification for the second stage equation is as follows: 

 𝑖𝑗𝑡 =   𝑖𝑗𝑡   𝑖𝑗𝑡        [3] 

Where  𝑖𝑗𝑡 is the dependent variable of the outcome equation,  𝑖𝑗𝑡 is a vector of covariates, 

  is a vector of coefficients and  𝑖𝑗𝑡 is the random disturbance term. The selection equation 

(first stage) includes the population variable which is not included in the outcome equation 

(second stage). Population is excluded from the second stage as the LHS in this stage is the 

amount of funding available per capita. This exclusion assumption then implies that the 

decision on quantity is based on per capita considerations (that is, once the government 

decided to award funding to a specific sub-district for a specific program, their quantity 

decision is based on a goal of achieving specific funding target per capita. Thus, the per 

capita funding amount is not impacted by the size of the population.18 We estimate our 

model with robust standard errors clustered by sub-districts.  

 

 

 

                                                           
18

 Heckman (1979) suggests that the outcome and selection equation are correlated and dependent variable 
(public spending) of the outcome equation is observed only if the a particular sub-district has received funding 
in any targeted program which also indicates: ui ~ N (0, σ), εi ~ N (0, 1), corr (ui, εi) = ρ; where ρ denotes the 
correlation between errors of the two stages been defined.  
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8. Estimation Results 

The estimation results for the two-stage Heckman selection model for allocated 

spending are documented in tables 3-4. The tables show the estimated coefficients where 

the first column focuses on the total allocated spending of disaster risk reduction spending 

per capita.19 Columns (2) and (3) present the estimated coefficients for obligatory public 

funding per capita20 and non-obligatory public funding per capita21 for low- and high- flood 

risks.  

Table 3 reports the results from the first stage selection regression displaying the 

marginal effects. For the highest low (high) flood risk sub-district, the probability of getting 

funded is approximately 12 percent (31 percent) higher than for the sub-district with the 

lowest risk of flooding (although both are statistically insignificant).22 The only exception in 

terms of statistical significance is for non-obligatory relief funding in the context of low flood 

risk. That is, for the highest low flood risk sub-district, the probability of getting non-

obligatory funding is approximately 61 percent higher (and is statistically significant) than 

for the sub-district with the lowest risk of flooding. Among the independent (RHS) variables; 

poverty rate, socio-economic status, coastal location, and population size are found to be 

sign consistent with our previous predictions.23  

                                                           
19

 This refers to the sum of all public funds (per capita) that were allocated for disaster risk reduction in all the 
previously described programmes except the climate investment fund. We estimated the impacts on the 
climate fund separately.  
20

 Obligatory public funding are dispersed through programmes which include work requirements. Here, the 
obligatory programmes are Test Relief, Food For Work and Bridges and Culvert construction. 
21

 Non-obligatory per capita public funding are dispersed through targeted safety net programs which do not 
have work requirements in their structural mechanism. Here, the non-obligatory safety net programs are 
Gratuitous Relief and Vulnerable Group Feeding. 
22

 We identify low flood risk sub-district = (highest probability – lowest probability) * 0.10 and high flood risk 
sub-district = (highest probability – lowest probability) * 0.52.  
23

 Note that estimations for the first stage regressions are identical for columns (1) and (2). This is because the 
group of sub-districts that received non-obligatory funding is a subset of the obligatory ones (in other words, 
there is no sub-district that received non-obligatory funding but received no obligatory funding). 
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In terms of statistical significance, coastal location is significant at the 1 percent level 

in all specifications, while economic development is consistently significant and positive at 

the 5 percent level; suggesting more developed areas receive more funding (per capita). 

Interestingly; ethnic minority presence, district headquarter and urban centre indicator 

variables all have negative coefficient estimates in most cases (though these are statistically 

insignificant). The most striking results are for the risk and political variables. Both low and 

high flood risk variables (based on past exposure) appear not to have a consistent statistical 

relationship with the amount allocated for DRR; sometime even having a counter-intuitive 

negative sign. All this without any consistent statistical significance. The political connection 

to the centre indicator appears to get a negative sign too, though this estimate is statistically 

insignificant.  

Table 4 presents the second stage in the Heckman selection estimation where the 

dependent variable is DRR per capita allocated funding of the sub-districts which have 

received funding. The interpretation of the coefficient is a one percentage point increase in 

low (high) flood risk leads to a decrease of allocated per capita DRR funding by 

approximately 123 (159) BDT respectively (but is statistically insignificant). The only 

exception here in terms of statistical significance is the coefficient for obligatory relief 

funding in the context of low flood risk. That is, a percentage point increase in (low) flood 

risk leads to decrease of a sub-district’s per capita allocated obligatory funding 

approximately by 82 BDT. Among the independent variables; the poverty rate, economic 

development, and coastal effect again show positive signs (consistently with our priors) but 

with no statistical significance. In contrast to our selection estimation, the outcome for 

ethnicity and district headquarter showed largely positive association with DRR funding 

allocation.  
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Similar to the first-stage regressions, political connections and flood risks showed 

negative association with allocated spending patterns. Taken overall, and in particular this 

finding about flood risk measure, our findings suggest there is no evident logic to the way 

the Bangladeshi government allocated its DRR funding.24 

 We report the same set of first (showing marginal effects) - and second-stage 

Heckman selection regressions for realized funding (rather than allocated funding) in 

appendix tables 2 and 3 respectively. All columns in these two tables represent the same set 

of variables with the dependent variable being realized per capita funding in DRR. To a large 

extent, the results are very similar. In particular, we observe a similar pattern for the two 

variables we singled out earlier: flood risks and political connection. Again, low and high 

flood risks tend to show statistically insignificant coefficient estimates. 

We report the Heckman two stage regression results for the climate investment fund 

separately in tables 5 and 6. The first column in table 5 (the marginal effects) examines the 

allocated public spending on climate change. The second column portrays the impacts on 

realized public spending for the same set of independent variables as in column (1). Among 

the independent variables, coastal location, urban centre, and district headquarter again 

shows signs consistent with our priors with coastal location and socio-economic status being 

statistically significant in both cases. Ethnicity and population size are not similarly 

consistent with ethnicity generating statistically significant estimates.  

As before, the results we are most interested in are the coefficients for the flood risk 

measures. High flood risk measure has a negative association with both allocated and 

                                                           
24

 We obtain very similar results when included interaction terms for the flood risk variable, to examine 

whether the logic of DRR allocation is different for different groupings of districts (by their geographical 

location, their poverty rates, or their political connections). None of these interactions terms have a 

statistically significant coefficient in the second stage regression, further emphasizing our conclusions. 
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realized climate fund spending but with no statistical significance, while low flood risk 

measure showed mixed evidence. The second stage regression results for the climate 

investment fund, in table 6, shows an even starker pattern. Among the RHS variables, 

nothing seem to consistently explain the amount of funding allocated. For the climate 

investment fund, we no longer observe the counter-intuitive negative coefficients for flood 

risks (but these results were never statistically significant in the second stage regression).25  

 

9.         Robustness checks 

Our results to this point largely failed to uncover any reason for the way the DRR 

funding is allocated to sub-districts in Bangladesh. We further attempt to verify that our 

results are not dependent on the modelling choice we made and the assumption about 

sequential decision making underlying it (the Heckman two-stage selection model). We re-

estimate our models with several other plausible models. We present results of these 

robustness checks in table 7 for allocated spending per capita. We show the same results in 

appendix table 4 for realized spending per capita as well. We present results for an OLS 

estimation (as the standard benchmark), a negative binomial regression (again because of 

the sequential assumption), zero-inflated Poisson regression (because of the high incidence 

of zero observations), and a censored Tobit model (as the allocation data is censored at 

zero). We emphasize that we estimated the model with these specifications to convince the 

readers that our results are not determined by the two-stage selection methodology we 

used as a benchmark in tables 3-6. The RHS variables in these models are the same as the 

two stage Heckman selection model.  

                                                           
25

 An exception has been observed in case of low flood risk for allocated spending per capita. 
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Our original model choice is a combination of linear and non-linear regression 

framework. For the robustness checks; we foucsed on three non-linear regression models 

(that is negative binomial regression, zero-inflated Poisson regression, and a censored Tobit 

model). Our main result, that flood risk does not explain DRR funding, is consistently present 

in all of these different estimations. 

 

10.       Conclusion 

Bangladesh’s natural disaster risk will not change dramatically in the near future, 

though its current risk profile clearly extends beyond immediate disaster effects to future 

impacts associated with climate change. As is true for almost any public spending 

programme, rational allocation of limited resources is critical to the stated aims of the 

programmes we examine (that is, enhance households’ coping abilities to reduce and 

mitigate disasters risks). Clearly, the effectiveness of prevention spending is important, and 

equally obviously the first pre-condition for any effective spending is that this spending is 

allocated rationally across space.  

It is well understood that any government’s public spending decision-making 

processes are affected by additional considerations, other than need, but the balance 

between these competing pressures is not obviously clear. Our objective in this paper is to 

identify the determinants’ of public spending programmes at the local government (sub-

district) level in Bangladesh. We employ the Heckman two-stage selection model to 

empirically estimate the covariates; we assume public spending on DRR is a function of the 

probability of flood risks, population size, poverty rate, socio-economic development, 
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political connections, ethnic composition, and details about the geo-location of the sub-

district.  

While some of our results conform with our priors (where these priors are well 

formed), it is surprising to note that the presence of the ruling party’s elected candidates 

fails to become a statistically important factor when it is time to attract DRR funding. The 

most intriguing finding of this study, however, is the response to the sub-district flood risk 

probabilities as a factor affecting the DRR financing mechanism. This variable is consistently 

counter-intuitively negative and statistically significant. This result, we should add, is also 

observed when we do not control for coastal location, when we add other variables, and 

when we estimate a simpler linear model.26 

To summarize, we find little evidence (and some counter-evidence) of rationality in 

the regional funding allocation decisions for DRR of the Bangladeshi government. The DRR 

regional allocations do not seem to be determined by risk and exposure, and only weakly by 

vulnerability. Even obvious and transparent political economy motivations do not seem to 

explain much of the variation in inter-regional funding. These funding decisions appear to be 

much murkier than we expected them to be.  

This surprised us, as the Bangladesh DRR programme is considered a global poster-

child of DRR policy. Of course, our result are about DRR funding. We do not rule out the 

possibility that our results are biased because of the absence of long-term data, possible 

omitted variables, and reverse causality. All these justify future research in this area. 

Whether our conclusions apply to other types of central government funding in Bangladesh, 

                                                           
26

 A partial explaination of this finding is that DRR is only one aim of these programs (in addition to, for 

example, poverty alleviation). In as much as DRR is still part of the overall aim of the program, the failure to 

find an association with measured disaster risk is suprising. 
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or whether this is indeed typical of regional allocations in lower-income countries, are also 

all still open questions that require more evidence-based answers. 
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FIGURE 1: LINKING SOCIAL PROTECTION AND DISASTER RISK REDUCTION 

 

 

             Source: Adapted and modified from Davies et al. (2009). 

 

 

FIGURE 2: DRR SPENDING IN BANGLADESH, 2000-2013 

 

 

                       Source: Asian Development Bank (2015) 
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FIGURE 3: DISASTER RISK REDUCTION PER CAPITA ALLOCATED SPENDING 

 

 

                FIGURE 4: DISASTER RISK REDUCTION PER CAPITA REALIZED SPENDING 
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   TABLE 1: DESCRIPTIVE STATISTICS A: LEFT-HAND SIDE VARIABLES 
 

Source: Authors’ calculations. Note: The acronyms used here represents Disaster Risk Reduction 
Allocated and Realized spending, Test Relief, Food For Work, Infrastructure, Gratuitous Relief, 
Vulnerable Group Feeding and Climate Investment Fund respectively (all in per capita terms). P and A 
represent only positive and all observations, respectively. The currency unit is BDT (Bangladeshi 
Taka) [1 USD = 75.79 BDT]. 

 

 

 

 

 

 

 

 

 

 

 

VARIABLES 

 

OBSERVATION 

 

MEAN 

 

STANDARD 

DEVIATION 

 

MINIMUM 

 

MAXIMUM 

DRR TOTAL ALLOCATED SPENDING 272 (P) 51.35 80.69 0.39 968.60 

DRR TOTAL REALIZED SPENDING 270 (P) 41.45 73.12 0.23 966.68 

TR_ALLOCATED 483 (A) 12.37 17.59 0 137.63 

TR_REALIZED 483 (A) 9.81 14.29 0 95.31 

FFW_ALLOCATED 483 (A) 5.44 13.48 0 126.40 

FFW_REALIZED 483 (A) 3.82 9.06 0 90.42 

INFRA_ALLOCATED 483 (A) 3.16 9.59 0 102.81 

INFRA_REALIZED 483 (A) 1.96 7.55 0 102.81 

GR_ALLOCATED 483 (A) 2.15 20.46 0 374.93 

GR_REALIZED 483 (A) 1.61 17.20 0 374.93 

VGF_ALLOCATED 483 (A) 5.80 42.97 0 921.98 

VGF_REALIZED 483 (A) 5.97 43.01 0 921.98 

CIF_ALLOCATED 483 (A) 1.28 5.48 0 58.71 

CIF_REALIZED 483 (A) 0.99 4.74 0 58.47 
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      TABLE 2: DESCRIPTIVE STATISTICS B: RIGHT-HAND SIDE VARIABLES 

 

VARIABLES 

 

OBSERVATION 

 

MEAN 

 

STANDARD 

DEVIATION 

 

MINIMUM 

 

MAXIMUM 

POPULATION 483 255833.4 138584.8 17152 941005 

FLRISK_LOW 483 0.93 0.16 0.68 1.91 

FLRISK_HIGH 483 0.26 0.08 0.12 0.73 

POVERTY RATE 483 28.34 13.24 1.9 68 

ECONOMIC 

DEVELOPMENT 

483 52.60 11.12 8.1 73.5 

ETHNICITY 483 0.46 0.50 0 1 

DISTRICT HQ 483 0.13 0.34 0 1 

POLITICAL RISK 483 0.78 0.42  0 1 

URBAN EFFECT 483 0.04 0.19 0 1 

COASTAL EFFECT 483 0.19 0.39 0 1 

POLITICAL VIOLENCE 483 0.18 0.38 0 1 

PUBLIC UNIVERSITY 483 0.37 0.48 0 1 

NO. OF CYCLONE 

SHELTERS 

483 0.24 1.02 0 9.02 
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 TABLE 3: ALLOCATED SPENDING: HECKMAN FIRST STAGE REGRESSION RESULTS 

ALLOCATED SPENDING FIRST STAGE   

 
VARIABLES 

 
DISASTER RISK 

REDUCTION_TOTAL(DY/DX) 

 
RELIEF 

_OBLIGATORY 
(DY/DX) 

 
RELIEF _NON-
OBLIGATORY 
(DY/DX) 

    
FLRISK_LOW -0.10 -0.10 -0.50** 
 (0.19) (0.19) (0.20) 
FLRISK_HIGH -0.52 -0.52 0.21 
 (0.39) (0.39) (0.41) 
POVERTY RATE 0.25 0.25 0.18 
 (0.20) (0.20) (0.19) 
ECONOMIC DEVELOPMENT 0.42* 0.42* 0.37* 
 (0.22) (0.22) (0.21) 
ETHNICITY -0.02 -0.02 0.02 
 (0.05) (0.05) (0.05) 
DISTRICT HQ -0.03 -0.03 -0.02 
 (0.08) (0.08) (0.08) 
POLITICAL RISK -0.08 -0.08 -0.08 
 (0.06) (0.06) (0.05) 
URBAN EFFECT -0.04 -0.04 -0.19 
 (0.15) (0.15) (0.13) 
COASTAL EFFECT 0.25*** 0.25*** 0.22*** 
 (0.07) (0.07) (0.06) 
POPULATION 0.26 0.26 0.13 
 (0.23) (0.23) (0.20) 
OBSERVATIONS 483 483 483 

Robust standard errors (clustered by sub-district) in parentheses *** p<0.01, ** p<0.05, * p<0.1. The regression 
results in poverty rate and economic development are multiplied by 100 for ease of reading and the population 
variable is  represented in millions. 
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TABLE 4: ALLOCATED SPENDING: HECKMAN SECOND STAGE REGRESSION RESULTS 

ALLOCATED SPENDING SECOND STAGE   

 
VARIABLES 

 
DISASTER RISK 

REDUCTION_TOTAL 

 
RELIEF 

_OBLIGATORY 

 
RELIEF _NON-
OBLIGATORY 

    

FLRISK_LOW -122.88 -82.44* -259.32 

 (92.63) (49.72) (410.96) 
FLRISK_HIGH -159.07 -44.16 44.67 
 (260.06) (107.98) (288.62) 
POVERTY RATE 1.77 0.62 1.80 
 (1.48) (0.60) (2.06) 
ECONOMIC DEVELOPMENT 0.85 0.29 1.17 
 (1.80) (0.83) (3.22) 
ETHNICITY 12.96 -4.75 35.50 
 (24.15) (10.85) (39.82) 
DISTRICT HQ 15.30 11.22 5.08 
 (25.80) (14.54) (29.41) 
POLITICAL RISK -42.25 -18.26 -49.65 
 (40.03) (15.84) (73.66) 
URBAN EFFECT -33.19 -12.36 -95.01 
 (47.26) (23.00) (163.89) 
COASTAL EFFECT 87.41 36.03 107.71 
 (77.93) (34.17) (165.70) 
CONSTANT -35.46 21.00 -104.34 
 (188.91) (86.93) (296.93) 
MILLS    
LAMBDA 221.53 114.83 217.96 
 (206.78) (95.38) (358.01) 
Robust standard errors (clustered by sub-district) in parentheses *** p<0.01, ** p<0.05, * 
p<0.1. 
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 TABLE 5: CLIMATE INVESTMENT FUND: HECKMAN FIRST STAGE REGRESSION RESULTS 

 

 
CLIMATE INVESTMENT FUND –  

HECKMAN FIRST STAGE REGRESSION 

VARIABLES 
ALLOCATED 

SPENDING 
(DY/DX) 

REALIZED SPENDING 
(DY/DX) 

   
FLRISK_LOW -0.01 0.04 

 (0.14) (0.12) 

FLRISK_HIGH -0.15 -0.21 

 (0.34) (0.32) 

POVERTY RATE -0.09 -0.09 

 (0.10) (0.10) 

ECONOMIC DEVELOPMENT -0.17* -0.18** 

 (0.09) (0.09) 

ETHNICITY -0.11*** -0.10** 

 (0.04) (0.04) 

DISTRICT HQ 0.02 0.02 

 (0.04) (0.04) 

POLITICAL RISK -0.05 -0.03 

 (0.03) (0.03) 

URBAN EFFECT 0.01 0.01 

 (0.05) (0.05) 

COASTAL EFFECT 0.19*** 0.19*** 

 (0.02) (0.02) 

POPULATION -0.12 -0.10 

 (0.10) (0.99) 

OBSERVATIONS 483 483 

Robust standard errors (clustered by sub-district) in parentheses ***p<0.01, ** 
p<0.05, * p<0.1. The regression results in poverty rate and economic 
development are multiplied by 100 and the population variable is  represented in 
millions. 
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            TABLE 6: CLIMATE INVESTMENT FUND: HECKMAN SECOND STAGE REGRESSION RESULTS 

 

 
CLIMATE INVESTMENT FUND –  

HECKMAN SECOND STAGE REGRESSION 

VARIABLES ALLOCATED SPENDING REALIZED SPENDING 

   

FLRISK_LOW -13.05 7.87 
 (22.90) (38.27) 
FLRISK_HIGH 80.36 64.46 
 (75.13) (97.22) 
POVERTY RATE 0.20 0.23 
 (0.32) (0.35) 
ECONOMIC DEVELOPMENT -0.21 -0.31 
 (0.36) (0.49) 
ETHNICITY 7.42 4.89 
 (25.48) (26.80) 
DISTRICT HQ -6.54 -4.95 
 (5.55) (4.91) 
POLITICAL RISK 9.60 8.53 
 (11.24) (10.22) 
URBAN EFFECT 3.40 6.05 
 (11.78) (10.69) 
COASTAL EFFECT -22.13 -17.17 
 (50.16) (64.00) 
CONSTANT 42.83 23.18 
 (47.02) (70.10) 
MILLS   
LAMBDA -18.68 -15.43 
 (27.17) (34.94) 
OBSERVATIONS 483 483 

          Robust standard errors (clustered by sub-district) in parentheses *** p<0.01, **p<0.05, 
* p<0.1. 
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TABLE 7: ALLOCATED SPENDING: ROBUSTNESS CHECKS  

 
VARIABLES 

OLS REGRESSION NEGATIVE 

BINOMIAL 

REGRESSION 

ZERO-

INFLATED 

POISSON 

REGRESSION 

TOBIT 

REGRESSION 

     
FLRISK_LOW -11929795.15*** -1.77** -1.75** -70.62* 
 (3,102,040.75) (0.70) (0.82) (40.25) 
FLRISK_HIGH 10123475.58 0.34 0.73 -65.70 
 (6,210,812.31) (1.50) (2.05) (93.61) 
POVERTY RATE 139,125.67*** 0.02** 0.01 1.07* 
 (45,105.03) (0.01) (0.01) (0.57) 
ECONOMIC DEVELOPMENT 54,367.28** -0.01 -0.02** 0.21 
 (24,771.60) (0.01) (0.01) (0.45) 
ETHNICITY 4,144,179.94*** 0.03 0.20 9.74 
 (1,154,025.93) (0.18) (0.27) (13.37) 
DISTRICT HQ 644,919.20 0.22 0.11 9.16 
 (1,218,619.63) (0.23) (0.21) (12.31) 
POLITICAL RISK -2695571.02*** -0.38** -0.24 -21.02 
 (961,695.20) (0.18) (0.22) (13.74) 
URBAN EFFECT -7050461.86*** -0.72*** -0.97*** -26.15 
 (1,621,003.25) (0.26) (0.32) (19.63) 
COASTAL EFFECT 6,118,915.22*** 0.61*** 0.19 45.00*** 
 (1,174,980.36) (0.17) (0.18) (16.59) 
CONSTANT 7,379,663.62*** 4.84*** 5.80*** 38.75 
 (2,614,661.38) (0.78) (0.85) (45.28) 
LNALPHA  1.57***   
  (0.08)   
SIGMA    92.81*** 
    (19.47) 
INFLATED VARIABLES     
POPULATION   -0.14**  
   (0.73)  
NUMBER OF UPAZILAS  
(BY DISTRICT) 

  -0.03  

   (0.03)  
OBSERVATIONS 483 483 483 483 
     

   Robust standard errors (clustered by sub-district) in parentheses *** p<0.01, ** p<0.05, * p<0.1. 
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APPENDIX TABLE 1: DESCRIPTION OF VARIABLES DEFINED AND THEIR SOURCES 

 
NO. 

 
VARIABLES 

 
DESCRIPTION 

 
SOURCE 

1 POPULATION The total number of people residing in each sub-district.        
 

Department of Disaster Management, Government of 
Bangladesh. 

2 TR_ALLOCATED    The total (per capita) amount of public fund been allocated 
in disaster risk reduction through test relief program. 
 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh.  

3 TR_REALIZED    The total (per capita) amount of public fund been spent out 
of total allocation in disaster risk reduction through test 
relief program. 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

4 FFW_ALLOCATED The total (per capita) amount of public fund been allocated 
in disaster risk reduction through Food For Work program. 
 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

5 FFW_REALIZED    The total (per capita) amount of public fund been spent out 
of total allocation in disaster risk reduction through Food 
For Work program. 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

6 INFRA_ALLOCATED The total (per capita) amount of public fund been allocated 
in bridges and culvert construction under Food For Work 
program. 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

7 INFRA_REALIZED The total (per capita) amount of public fund been spent out 
of total allocation in bridges and culvert construction under 
Food For Work program. 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

8 GR_ALLOCATED    The total (per capita) amount of public fund been allocated 
in disaster risk reduction through gratuitous relief program. 
 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

9 GR_REALIZED    The total (per capita) amount of public fund been spent out 
of total allocation in disaster risk reduction through 
gratuitous relief program. 
  

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 
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10 VGF_ALLOCATED The total (per capita) amount of public fund been allocated 
in disaster risk reduction through vulnerable group feeding 
program. 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

11 VGF_REALIZED    The total (per capita) amount of public fund been spent out 
of total allocation in disaster risk reduction through 
vulnerable group feeding program. 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

12 CIF_ALLOCATED The total (per capita) amount of public fund been allocated 
in climate investment fund to combat climate change 
induced risks. 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

13 CIF_REALIZED   The total (per capita) amount of public fund been spent out 
of total allocation in climate investment fund to combat 
climate change induced risks. 
 

Ministry of Food (Former Ministry of Food and Disaster 
Management), Government of Bangladesh. 

14 FLRISK_LOW Also defined as ‘low flood risk’. The number of times each 
sub-district is likely to incur flood risk each year. The 
threshold is the number of months each sub-district has 
total rainfall higher than 15 percent of average annual 
rainfall and more than 1 standard deviation above the 
mean divided by the number of years’ rainfall data has 
been recorded for each weather station corresponding to 
each sub-district out of 64 year time span.   
 

Bangladesh Meteorological Department (BMD) rainfall 
data of 64 years (1948-2012) for 35 weather stations of 
Bangladesh. 

15 FLRISK_HIGH Also defined as ‘high flood risk’. The number of times each 
sub-district is likely to incur flood risk each year. The 
threshold is the number of months each sub-district has 
total rainfall higher than 20 percent of average annual 
rainfall and more than 2 standard deviation above the 
mean divided by the number of years’ rainfall data has 
been recorded for each weather station corresponding to 
each sub-district out of 64 year time span.   

Bangladesh Meteorological Department (BMD) rainfall 
data of 64 years (1948-2012) for 35 weather stations of 
Bangladesh. 

16 POVERTY RATE The number of people living below the national poverty line 
of US$ 2 per day. 
 

Department of Disaster Management, Government of 
Bangladesh. 
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17 ECONOMIC 

DEVELOPMENT 

This is a composite variable averaging the percentage of 
population under each sub-district to get access to safe 
drinking water, sanitation facilities and electricity.  

Population and Housing Census of Bangladesh, 2011. 
 
 

18 ETHNICITY Dummy variable; 1 if indigenous ethnic minorities resides in 
any sub-district, 0 otherwise. 

Authors’ elaborations using 
Population and Housing Census of Bangladesh, 2011. 

19 DISTRICT HQ Dummy variable; 1 if the sub-district is central (in most 
cases, bigger population size and main economic centre) in 
any particular district, 0 otherwise. 

Authors’ elaborations. 

20 POLITICAL RISK Dummy variable; 1 if the Member of Parliament (MP) is 
from the main political party in power, 0 otherwise. 
 

Authors’ elaborations using Bangladesh Election 
Commission Report, 2008 and Bangladesh Gazette 
(2013).  

21 URBAN EFFECT Dummy variable; 1 if the sub-district belongs to the bigger 
urban cities; Dhaka or Chittagong, 0 otherwise. 

Authors’ elaborations. 

22 COASTAL EFFECT Dummy variable; 1 if the sub-district belongs to any 

districts situated in the coastal belts a, 0 otherwise. 
 

Authors’ elaborations. 

23 POLITICAL VIOLENCE Dummy variable; 1 if the district listed as one of the top 
violent district, 0 otherwise. 
 

Authors’ elaborations using the State of Governance 
Bangladesh report (2013). 

24 PUBLIC UNIVERSITY Dummy variable; 1 if the district has got a public university, 
0 otherwise. 
 

Authors’ elaborations. 

25 NO. OF CYCLONE 

SHELTERS 

Number of cyclone shelters per 10,000 people vulnerable 
to cyclone hazardsin the corresponding sub-districts. 

Authors’ elaborations using information provided by 
Comprehensive Disaster Management Programme 
(UNDP, 2014). 

Source: Authors’ elaborations. 
Note: ‘Coastal Zone’ is most frequently defined as land affected by its proximity to the sea and that part of the sea affected by its proximity to the land 

(Kamaluddin and Kaudstaal, 2003). According to the Coastal Zone Policy (2005) of the Government of Bangladesh (GOB), the zone is divided into 

‘exposed coast’ (the area/upazilas that embraces the sea directly and is subject to be affected highly by the anticipated sea level rise, also known as 

first tier coastal upazilas) and ‘interior coast’ (the area/upazilas that are located behind the exposed coast, can also be sub-divided into second and 

third tier coastal upazilas). Here, we consider the first and second tier coastal upazilas to create the ‘coastal effect’ dummy variable.                
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         APPENDIX TABLE 2: REALIZED SPENDING: HECKMAN FIRST STAGE REGRESSION RESULTS 

REALIZED SPENDING FIRST STAGE   

 
VARIABLES 

 
DISASTER RISK 

REDUCTION_TOTAL 

(DY/DX) 

 
RELIEF 

_OBLIGATORY 
(DY/DX) 

 
RELIEF _NON-
OBLIGATORY 
(DY/DX) 

FLRISK_LOW -0.12 -0.16 -0.49** 
 (0.19) (0.19) (0.20) 
FLRISK_HIGH -0.55 -0.39 0.24 
 (0.39) (0.39) (0.41) 
POVERTY RATE 0.27 0.25 0.17 
 (0.20) (0.20) (0.19) 
ECONOMIC DEVELOPMENT 0.39* 0.35 0.42** 
 (0.22) (0.22) (0.21) 
ETHNICITY -0.01 -0.00 0.02 
 (0.05) (0.05) (0.05) 
DISTRICT HQ -0.02 -0.03 -0.01 
 (0.08) (0.08) (0.08) 
POLITICAL RISK -0.08 -0.06 -0.08 
 (0.06) (0.06) (0.05) 
URBAN EFFECT -0.03 -0.03 -0.18 
 (0.15) (0.15) (0.13) 
COASTAL EFFECT 0.25*** 0.27*** 0.20*** 
 (0.07) (0.07) (0.06) 
POPULATION 0.28 0.30 0.13 
 (0.23) (0.23) (0.20) 
OBSERVATIONS 483 483 483 

      Source: Authors’ calculations. Notes: Robust standard errors (clustered by sub-district) in   
parentheses *** p<0.01, ** p<0.05, * p<0.1. The regression results in poverty rate and  

      economic development are multiplied by 100 and the population variable is  represented  
      in millions. 

  



43 

 

       APPENDIX TABLE 3: REALIZED SPENDING: HECKMAN SECOND STAGE REGRESSION RESULTS 

REALIZED SPENDING SECOND STAGE   

 
VARIABLES 

 
DISASTER RISK 

REDUCTION_TOTAL 

 
RELIEF 

_OBLIGATORY 

 
RELIEF _NON-
OBLIGATORY 
 

FLRISK_LOW -90.77 -56.97 -247.05 
 (87.37) (44.77) (420.40) 
FLRISK_HIGH -201.62 -64.87 70.87 
 (255.48) (83.07) (311.09) 
POVERTY RATE 1.81 0.63 1.78 
 (1.43) (0.49) (2.13) 
ECONOMIC DEVELOPMENT 0.93 0.23 1.63 
 (1.64) (0.62) (3.79) 
ETHNICITY 19.23 -0.23 39.73 
 (23.49) (8.73) (44.93) 
DISTRICT HQ 16.80 10.30 6.34 
 (25.49) (13.22) (30.42) 
POLITICAL RISK -42.09 -14.96 -54.71 
 (37.23) (11.56) (80.92) 
URBAN EFFECT -29.49 -8.56 -98.01 
 (45.67) (20.84) (170.21) 
COASTAL EFFECT 85.61 36.56 102.20 
 (74.42) (29.89) (164.07) 
CONSTANT -69.44 -2.10 -152.93 
 (172.11) (68.87) (347.18) 
MILLS LAMBDA 214.95 103.02 224.97 
 (194.80) (78.54) (378.41) 
OBSERVATIONS 483 483 483 

Source: Authors’ calculations. Note: Robust standard errors (clustered by sub-district) in 
parentheses *** p<0.01, ** p<0.05, * p<0.1. 
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APPENDIX TABLE 4: REALIZED SPENDING: ROBUSTNESS CHECKS  

 
VARIABLES 

OLS REGRESSION NEGATIVE 

BINOMIAL 

REGRESSION 

ZERO-INFLATED 

POISSON 

REGRESSION 

TOBIT 

REGRESSION 

FLRISK_LOW -7790162.59*** -1.37** -1.05 -46.93 
 (2,421,038.42) (0.68) (0.78) (33.39) 
FLRISK_HIGH 5,867,637.68 -0.24 0.01 -79.72 
 (5,062,452.01) (1.47) (2.16) (86.38) 
POVERTY RATE 117,100.85*** 0.02** 0.02 1.00* 
 (36,046.65) (0.01) (0.01) (0.52) 
ECONOMIC DEVELOPMENT 34,697.52 -0.01 -0.01* 0.20 
 (21,113.83) (0.01) (0.01) (0.42) 
ETHNICITY 3,857,804.97*** 0.12 0.33 12.69 
 (926,143.23) (0.19) (0.30) (12.11) 
DISTRICT HQ 539,593.09 0.23 0.11 8.65 
 (990,999.56) (0.24) (0.24) (10.68) 
POLITICAL RISK -2607746.38*** -0.40** -0.35 -20.76 
 (840,618.11) (0.19) (0.24) (13.26) 
URBAN EFFECT -6521575.14*** -0.71** -1.06*** -23.56 
 (1,490,665.03) (0.29) (0.37) (18.23) 
COASTAL EFFECT 5,581,568.86*** 0.63*** 0.24 40.18** 
 (1,065,550.20) (0.18) (0.20) (16.33) 
CONSTANT 5,229,298.96** 4.29*** 4.94*** 19.26 
 (2,138,136.73) (0.75) (0.81) (38.94) 
LNALPHA  1.55***   
  (0.08)   
SIGMA    82.29*** 
    (21.08) 
INFLATED VARIABLES     
POPULATION   -0.15**  
   (0.73)  
NUMBER OF UPAZILAS  
(BY DISTRICT) 

  -0.03  

   (0.03)  
OBSERVATIONS 483 483 483 483 

Source: Authors’ calculations. Note: Robust standard errors (clustered by sub-district) in parentheses 
*** p<0.01, ** p<0.05, * p<0.1
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        APPENDIX TABLE 5: ALLOCATED SPENDING: HECKMAN FIRST STAGE REGRESSION RESULTS 

ALLOCATED SPENDING FIRST STAGE   

VARIABLES DRR_TOTAL 
(DY/DX) 

RELIEF 

_OBLIGATORY 
(DY/DX) 

RELIEF _NON-
OBLIGATORY 
(DY/DX) 

FLRISK_LOW -0.09 -0.09 -0.50** 
 (0.18) (0.18) (0.20) 
FLRISK_HIGH -0.54 -0.54 0.22 
 (0.38) (0.38) (0.42) 
POVERTY RATE 0.25 0.25 0.19 
 (0.20) (0.20) (0.19) 
ECONOMIC DEVELOPMENT 0.31 0.31 0.33 
 (0.22) (0.22) (0.21) 
ETHNICITY -0.02 -0.02 0.02 
 (0.05) (0.05) (0.05) 
DISTRICT HQ -0.00 -0.00 -0.00 
 (0.09) (0.09) (0.08) 
POLITICAL RISK -0.10* -0.10* -0.08 
 (0.06) (0.06) (0.05) 
URBAN EFFECT -0.12 -0.12 -0.24 
 (0.17) (0.17) (0.15) 
COASTAL EFFECT 0.31*** 0.31*** 0.22*** 
 (0.07) (0.07) (0.06) 
POLITICAL VIOLENCE 0.02 0.02 0.06 
 (0.07) (0.07) (0.06) 
PUBLIC UNIVERSITY 0.10** 0.10** 0.02 
 (0.05) (0.05) (0.05) 
NO. OF CYCLONE SHELTERS -0.04 -0.04 -0.01 
 (0.03) (0.03) (0.03) 
POPULATION 0.21 0.21 0.93 
 (0.24) (0.24) (0.21) 
OBSERVATIONS 483 483 483 

Source: Authors’ calculations. Notes: Robust standard errors (clustered by sub-district) in 
parentheses *** p<0.01, ** p<0.05, * p<0.1. The regression results in poverty rate and 
economic development are multiplied by 100 for ease of reading and the population variable 
is  represented in millions. 
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      APPENDIX TABLE 6: ALLOCATED SPENDING: HECKMAN SECOND STAGE REGRESSION RESULTS 

ALLOCATED SPENDING SECOND STAGE   

VARIABLES DISASTER RISK 

REDUCTION_TOTAL 
RELIEF 

_OBLIGATORY 
RELIEF _NON-
OBLIGATORY 

FLRISK_LOW -121.34 -83.76 -195.42 
 (86.20) (51.27) (260.51) 
FLRISK_HIGH -147.13 -51.17 23.15 
 (246.31) (115.59) (228.81) 
POVERTY RATE 1.64 0.61 1.49 
 (1.31) (0.60) (1.44) 
ECONOMIC DEVELOPMENT 0.34 0.10 0.50 
 (1.25) (0.71) (1.87) 
ETHNICITY 13.79 -4.98 33.19 
 (24.08) (11.84) (31.36) 
DISTRICT HQ 14.81 12.35 0.79 
 (25.03) (15.94) (22.63) 
POLITICAL RISK -43.01 -21.42 -42.71 
 (40.06) (18.11) (53.01) 
URBAN EFFECT -36.49 -19.26 -67.65 
 (55.13) (31.23) (110.54) 
COASTAL EFFECT 97.40 46.91 88.86 
 (80.49) (41.44) (106.31) 
POLITICAL VIOLENCE -9.75 -3.98 -2.76 
 (21.35) (13.05) (26.93) 
PUBLIC UNIVERSITY 19.26 15.50 -6.31 
 (32.64) (19.84) (20.04) 
NO. OF CYCLONE SHELTERS -14.56 -7.32 -8.40 
 (15.25) (7.32) (12.96) 
CONSTANT -0.68 26.70 -40.91 
 (154.11) (86.79) (185.19) 
MILLS    
LAMBDA 205.68 122.49 157.22 
 (183.84) (101.21) (224.62) 
OBSERVATIONS 483 483 483 

   Source: Authors’ calculations. Note: Robust standard errors (clustered by sub-district) in   
parentheses. *** p<0.01, ** p<0.05, * p<0.1. 
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   APPENDIX TABLE 7: CLIMATE INVESTMENT FUND: HECKMAN FIRST STAGE REGRESSION RESULTS 

 

 
CLIMATE INVESTMENT FUND –  

HECKMAN FIRST STAGE REGRESSION 

VARIABLES 
ALLOCATED SPENDING 

(DY/DX) 
REALIZED SPENDING 

(DY/DX) 
   
FLRISK_LOW 0.03 0.05 
 (0.13) (0.13) 
FLRISK_HIGH -0.21 -0.23 
 (0.33) (0.32) 
POVERTY RATE -0.08 -0.07 
 (0.10) (0.10) 
ECONOMIC DEVELOPMENT -0.13 -0.15 
 (0.10) (0.09) 
ETHNICITY -0.11*** -0.10** 
 (0.04) (0.04) 
DISTRICT HQ 0.02 0.02 
 (0.04) (0.04) 
POLITICAL RISK -0.04 -0.03 
 (0.04) (0.04) 
URBAN EFFECT 0.01 0.02 
 (0.06) (0.06) 
COASTAL EFFECT 0.18*** 0.18*** 
 (0.02) (0.02) 
POLITICAL VIOLENCE 0.03 0.01 
 (0.04) (0.04) 
PUBLIC UNIVERSITY -0.04 -0.03 
 (0.03) (0.03) 
NO. OF CYCLONE SHELTERS 0.00 0.00 
 (0.01) (0.01) 
POPULATION -0.14 -0.11 
 (0.11) (0.11) 
OBSERVATIONS 483 483 

   Source: Authors’ calculations. Notes: Robust standard errors (clustered by sub-district) in 
parentheses *** p<0.01, ** p<0.05, * p<0.1. The regression results in poverty rate and 
economic development are multiplied by 100, and the population variable is  represented in 
millions. 
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APPENDIX TABLE 8: CLIMATE INVESTMENT FUND: HECKMAN SECOND STAGE REGRESSION RESULTS 

 

 
CLIMATE INVESTMENT FUND –  

HECKMAN SECOND STAGE REGRESSION 

VARIABLES ALLOCATED SPENDING REALIZED SPENDING 

   
FLRISK_LOW -33.75 -21.19 
 (43.05) (56.59) 
FLRISK_HIGH 203.17 188.79 
 (132.38) (155.36) 
POVERTY RATE 0.20 0.24 
 (0.33) (0.37) 
ECONOMIC DEVELOPMENT -0.20 -0.16 
 (0.40) (0.51) 
ETHNICITY 8.44 8.96 
 (26.34) (28.80) 
DISTRICT HQ -5.22 -3.83 
 (7.54) (7.55) 
POLITICAL RISK 11.53 11.35 
 (10.87) (11.57) 
URBAN EFFECT -0.17 -1.80 
 (20.50) (19.72) 
COASTAL EFFECT -36.16 -42.19 
 (45.24) (63.93) 
POLITICAL VIOLENCE -10.16 -3.23 
 (10.00) (9.69) 
PUBLIC UNIVERSITY 16.20 12.67 
 (11.71) (12.45) 
NO. OF CYCLONE SHELTERS 1.70 1.98 
 (2.84) (2.93) 
CONSTANT 49.26 42.83 
 (47.79) (73.71) 
MILLS   
LAMBDA -27.97 -30.14 
 (27.38) (37.20) 
OBSERVATIONS 483 483 

 Source: Authors’ calculations. Note: Robust standard errors (clustered by sub-district) in 
parentheses *** p<0.01, ** p<0.05, * p<0.1. 
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APPENDIX TABLE 9: ALLOCATED SPENDING: ROBUSTNESS CHECKS  

Source: Authors’ calculations. Note: Robust standard errors (clustered by sub-district) in parentheses 
*** p<0.01, ** p<0.05, * p<0.1. 

 
VARIABLES 

OLS REGRESSION NEGATIVE 

BINOMIAL 

REGRESSION 

ZERO-INFLATED 

POISSON 

REGRESSION 

TOBIT 

REGRESSION 

FLRISK_LOW -12131777.28*** -1.79*** -1.93** -70.06* 
 (3,163,526.32) (0.69) (0.77) (40.54) 
FLRISK_HIGH 10329116.34* 0.26 0.94 -75.19 
 (6,088,495.25) (1.45) (1.93) (96.29) 
POVERTY RATE 138,885.01*** 0.02** 0.01 1.05* 
 (46,339.89) (0.01) (0.01) (0.58) 
ECONOMIC DEVELOPMENT 71,096.14*** -0.01 -0.01* 0.03 
 (25,076.44) (0.01) (0.01) (0.43) 
ETHNICITY 4,231,942.23*** 0.04 0.23 10.04 
 (1,179,012.28) (0.18) (0.26) (13.85) 
DISTRICT HQ 524,605.97 0.21 0.03 9.23 
 (1,213,775.25) (0.23) (0.22) (12.27) 
POLITICAL RISK -2606951.86*** -0.42** -0.24 -23.05 

 (970,861.96) (0.19) (0.23) (14.24) 
URBAN EFFECT -5922380.68*** -0.59* -0.36 -21.94 
 (1,628,770.02) (0.30) (0.26) (20.38) 
COASTAL EFFECT 5,583,474.51*** 0.69*** 0.26 53.65*** 
 (1,360,435.80) (0.19) (0.22) (20.41) 
POLITICAL VIOLENCE -974,097.71 -0.17 -0.45** -6.95 
 (859,176.03) (0.18) (0.18) (10.64) 
PUBLIC UNIVERSITY -895,927.71 0.10 -0.30* 7.11 
 (687,686.22) (0.16) (0.17) (8.72) 
NO. OF CYCLONE SHELTERS 513,524.46 -0.08 -0.07 -7.88 
 (643,940.87) (0.07) (0.09) (6.33) 
CONSTANT 6,989,897.06** 5.05*** 5.90*** 50.69 
 (2,725,245.36) (0.80) (0.82) (45.02) 
LNALPHA  1.57***   
  (0.08)   
SIGMA    92.55*** 
    (19.13) 
INFLATED VARIABLES     
POPULATION   -0.00**  
   (0.00)  
NUMBER OF UPAZILAS  
(BY DISTRICT) 

  -0.03  

   (0.03)  
OBSERVATIONS     
 483 483 483 483 
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      APPENDIX TABLE 10: REALIZED SPENDING: HECKMAN FIRST STAGE REGRESSION RESULTS 

REALIZED SPENDING FIRST STAGE   

VARIABLES DRR_TOTAL 

(DY/DX) 
RELIEF 

_OBLIGATORY 
(DY/DX) 

RELIEF _NON-
OBLIGATORY 
(DY/DX) 

FLRISK_LOW -0.10 -0.15 -0.48** 
 (0.19) (0.19) (0.20) 
FLRISK_HIGH -0.57 -0.41 0.25 
 (0.39) (0.39) (0.42) 
POVERTY RATE 0.00 0.00 0.00 
 (0.00) (0.00) (0.00) 
ECONOMIC DEVELOPMENT 0.00 0.00 0.00* 
 (0.00) (0.00) (0.00) 
ETHNICITY -0.01 -0.01 0.02 
 (0.05) (0.05) (0.05) 
DISTRICT HQ 0.00 -0.01 -0.00 
 (0.09) (0.09) (0.08) 
POLITICAL RISK -0.09 -0.07 -0.08 
 (0.06) (0.06) (0.05) 
URBAN EFFECT -0.12 -0.12 -0.24 
 (0.17) (0.17) (0.14) 
COASTAL EFFECT 0.31*** 0.32*** 0.21*** 
 (0.07) (0.07) (0.06) 
POLITICAL VIOLENCE 0.03 0.04 0.06 
 (0.07) (0.07) (0.06) 
PUBLIC UNIVERSITY 0.11** 0.11** 0.03 
 (0.05) (0.05) (0.05) 
NO. OF CYCLONE SHELTERS -0.04 -0.04 -0.01 
 (0.03) (0.03) (0.03) 
POPULATION 0.22 0.23 0.90 
 (0.24) (0.24) (0.21) 
OBSERVATIONS 483 483 483 

Source: Authors’ calculations. Notes: Robust standard errors (clustered by sub-district) in 
parentheses *** p<0.01, ** p<0.05, * p<0.1. The regression results in poverty rate and 
economic development are multiplied by 100 and the population variable is represented 
in millions. 
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      APPENDIX TABLE 11: REALIZED SPENDING: HECKMAN SECOND STAGE REGRESSION RESULTS 

REALIZED SPENDING SECOND STAGE   
 
VARIABLES 

 
DISASTER RISK 

REDUCTION_TOTAL 

 
RELIEF 

_OBLIGATORY 

 
RELIEF _NON-
OBLIGATORY 
 

    
FLRISK_LOW -88.25 -58.26 -172.82 
 (80.51) (46.73) (248.21) 
FLRISK_HIGH -191.14 -69.33 32.30 
 (243.36) (89.75) (226.05) 
POVERTY RATE 1.66 0.61 1.42 
 (1.27) (0.50) (1.44) 
ECONOMIC DEVELOPMENT 0.36 0.05 0.67 
 (1.12) (0.56) (2.01) 
ETHNICITY 19.33 -0.87 36.41 
 (22.95) (9.37) (33.22) 
DISTRICT HQ 16.48 11.77 1.54 
 (25.16) (14.79) (22.43) 
POLITICAL RISK -44.19 -17.91 -47.35 
 (37.82) (13.55) (56.14) 
URBAN EFFECT -34.72 -17.85 -67.73 
 (54.11) (28.17) (114.09) 
COASTAL EFFECT 96.94 46.30 85.51 
 (77.49) (36.87) (104.51) 
POLITICAL VIOLENCE -8.91 -2.48 -2.46 
 (20.79) (12.06) (28.09) 
PUBLIC UNIVERSITY 23.22 16.58 -4.05 
 (32.21) (17.14) (20.39) 
NO. OF CYCLONE SHELTERS -15.80 -5.68 -13.51 
 (14.89) (6.39) (14.93) 
CONSTANT -32.73 1.43 -66.61 
 (139.90) (70.53) (202.60) 
MILLS    
LAMBDA 199.90 110.94 154.48 
 (174.50) (85.61) (226.14) 
OBSERVATIONS 483 483 483 

      Source: Authors’ calculations. Note: Robust standard errors (clustered by sub-district) in   
parentheses *** p<0.01, ** p<0.05, * p<0.1. 
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APPENDIX TABLE 12: REALIZED SPENDING: ROBUSTNESS CHECKS  

 
VARIABLES 

OLS REGRESSION NEGATIVE 

BINOMIAL 

REGRESSION 

ZERO-INFLATED 

POISSON 

REGRESSION 

TOBIT 

REGRESSION 

FLRISK_LOW -7988883.90*** -1.37** -1.29* -46.38 
 (2,463,775.03) (0.67) (0.73) (33.68) 
FLRISK_HIGH 5,933,678.29 -0.32 0.29 -89.68 
 (4,985,263.36) (1.44) (1.99) (89.67) 
POVERTY RATE 114,758.91*** 0.02** 0.02 0.98* 
 (37,016.31) (0.01) (0.01) (0.53) 
ECONOMIC DEVELOPMENT 51,089.07** -0.01 -0.01 0.00 
 (21,420.57) (0.01) (0.01) (0.40) 
ETHNICITY 3,972,954.46*** 0.13 0.35 13.01 
 (946,198.28) (0.19) (0.27) (12.53) 
DISTRICT HQ 421,425.02 0.20 0.01 8.77 
 (980,863.72) (0.24) (0.24) (10.64) 
POLITICAL RISK -2598058.41*** -0.45** -0.36 -22.96* 
 (840,633.27) (0.19) (0.26) (13.83) 
URBAN EFFECT -5090187.83*** -0.50 -0.35 -19.21 
 (1,423,678.08) (0.33) (0.31) (18.52) 
COASTAL EFFECT 5,071,055.84*** 0.73*** 0.34 49.04** 
 (1,223,805.25) (0.20) (0.25) (20.56) 
POLITICAL VIOLENCE -1672690.80*** -0.27 -0.55*** -7.49 
 (641,867.17) (0.18) (0.19) (9.18) 
PUBLIC UNIVERSITY -590,710.58 0.12 -0.29* 7.74 
 (562,959.59) (0.16) (0.16) (7.20) 
NO. OF CYCLONE SHELTERS 523,316.51 -0.09 -0.10 -8.12 
 (594,005.45) (0.07) (0.09) (5.98) 
CONSTANT 4,991,731.95** 4.55*** 5.16*** 32.00 
 (2,243,289.20) (0.76) (0.75) (38.23) 
LNALPHA  1.55***   
  (0.08)   
SIGMA    81.95*** 
    (20.70) 
INFLATED VARIABLES     
POPULATION   -0.00**  
   (0.00)  
NUMBER OF UPAZILAS  
(BY DISTRICT) 

  -0.03  

   (0.03)  
OBSERVATIONS 483 483 483 483 

Source: Authors’ calculations. Note: Robust standard errors (clustered by sub-district) in parentheses 
*** p<0.01, ** p<0.05, * p<0.1. 
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APPENDIX FIGURE 1: PUBLIC EXPENDITURE ACROSS 64 DISTRICTS (REGIONS), 2007-2010 

                             

     Source: Ministry of Finance, GOB. 
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