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Abstract

Elected politicians are instrumental in providing public goods to their constituencies. On

one hand, dishonest politicians can expropriate public funds for personal use, thus reducing

the funds available for public goods provision. On the other hand, through clientelistic and

patronage politics, dishonest politicians can give appropriated funds back to citizens.

In the first chapter, I study how dishonest politicians affect public goods provision in

their constituencies. To identify dishonest politicians, I determine whether they evaded in-

come taxes conditional on their minimum earnings and occupation, using a unique dataset

based on the asset disclosure and tax forms candidates submit prior to elections in Bangladesh.

Directly comparing constituencies represented by dishonest and honest politicians will not

reveal the causal effects on public goods provision and economic development, since con-

stituencies that elect dishonest politicians may systematically differ from the ones that do

not. I rely on close elections, in which a dishonest politician narrowly defeats an honest

one, and a regression discontinuity design to examine the effects of dishonest politicians on

public goods provision and economic progress. Between 2009-10 and 2014-15, I find that

in sub-districts that narrowly elected dishonest politicians, 27.3% fewer households received

social safety net benefits compared with sub-districts that narrowly elected honest politi-

cians. To analyze the effect between 2014-15 and 2019-20, I use a number of health and

infrastructure variables at the sub-district level to develop an index of public goods provi-

sion using principal component analysis. I find that constituencies with dishonest leaders

have a 0.74 standard deviation lower index value than constituencies with honest leaders.

Results are quantitatively similar under the choice of different bandwidths and are robust to

various specifications. Furthermore, categorizing sub-districts by wealthy dishonest versus

wealthy honest leaders, measured by politicians’ total assets above the mean value in 2014 -
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compare long-term economic development, proxied by growth of nighttime light brightness.

I find that sub-districts with wealthy dishonest leaders have 5.75% point lower growth in

night-time light brightness. Using my own estimates to convert night-time light brightness to

GDP growth, I find 0.94% lower yearly GDP growth per sub-district under wealthy dishonest

leaders.

In the second chapter, to understand the mechanism, I provide evidences from sub-

district-level budgets showing statistically significant lower constituency-wide expenditure

by dishonest politicians. I found local-level tax revenues do not differ significantly between

upazilas with honest versus dishonest politicians. I also show empirically that public goods

provision does not depend on the ability of politicians, as measured by years of education,

and politicians’ honesty and ability are independent of each other. Furthermore, I provide

evidence that the central government resources allocation also does not differ significantly,

it suggests that honest politicians are not favored by the central government. I provide

further evidence that dishonest and honest politicians’ occupation choices are not statistically

different. Lastly, I show that re-election probability of dishonest politicians also does not

influence public goods provision differentials.

Third chapter is a conjoint work with Abu S. Shonchoy (Florida International Uni-

versity) and Towhid I. Mahmood (Texas Tech University) on public health concerns in

Bangladesh arising from infectious diseases. Bangladesh is among the top fifteen SARS-

CoV-2 (COVID-19) affected countries in the world. However, the country has the lowest

testing capacity per million in that group. Faced with growing pressure to continue liveli-

hoods, Bangladesh government lifted the lockdown abruptly in 2020, costing an immediate

surge in the virus caseload. Against this backdrop, there is a dire need to derive data-driven

planning, for mitigation and management of COVID-19 cases in Bangladesh – prioritizing
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the efficient allocation of limited resources. Utilizing publicly available and administrative

data, this paper introduces a contagion risk (CR) index, which can work as a credible proxy

to detect potential virus hotspots – aiding policymakers with proper planning. Grounded

on disease spreadability vectors, we derived the CR-Index at the district level, based on

nine variables across five domains: socio-economy, demography, occupation, migration, and

health infrastructure. The CR-Index is validated against the district wise COVID-19 cases

across the study period. CR-Index is positively correlated with district-wise COVID-19

cases across the pandemic period (average correlation is 0.65, p-value 0.001). We found that

one percent increase in the CR-index predicts a 3.8 percent daily change in the increase of

COVID-19 cases across districts. The proposed CR-Index can predict seven out of the top

ten COVID-19 caseload districts of Bangladesh.

JEL codes: C31, C43, D73, D72, I18, I25.

Keywords: Regression Discontinuity, Dishonest Politicians, Tax Evasion, Vote Margin,

Bangladesh, Election, Contagion Risk, Index, COVID-19.
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Chapter 1

Dishonesty and Public Goods

Provision—A Tale of Tax-evading

Politicians

1.1 Introduction

In a democratic society, elected politicians have the discretion, as a result of public

mandate, to allocate and manage development expenditure. The “honesty” of a politician

standing for elected office is typically scrutinized and debated in elections around the globe.

Despite this, dishonest politicians get reelected; prior research attributes this to strong clien-

telism or patronage politics (Chandra 2013; Vaishnav 2017). However, there is relatively

scarce evidence on how the election of a dishonest politician affects public goods provision

and, more broadly, economic development. This question is particularly salient in developing

countries, where local elected representatives wield great discretion in the provision of public
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goods and institutions to keep them in check are weak. Dishonest politicians are likely to

embezzle public funds (Fisman et al. 2014, Pande et al. 2012) for their personal use, which

hinders public goods provision and their constituencies’ economic progress. The impact of

electing a dishonest politician on public goods provision and economic development is not

obvious for two reasons: First, dishonest politicians may redistribute appropriated public

funds to their constituents privately (Menes 1999, Banerjee 2014), and second, they may

be more competent than honest ones (Caselli and Morelli 2004, Messner and Polborn 2004)

and hence better at resource allocation despite appropriating funds1. Moreover, identifying

the causal effects of a dishonest politician is challenging, because constituencies that elect

dishonest and honest politicians may differ systematically from each other in many ways.

With this backdrop, in this paper I investigate whether a constituency performing better if

the elected politician is honest compared to one with a dishonest politician. I construct a

unique dataset from the asset disclosure and tax forms of politicians in Bangladesh, which

include the politician’s actual income, assets, educational and criminal records and whether

they have paid income taxes. I assess a politician as dishonest if his income falls within the

bracket that qualifies for the income tax, but he2 has not claimed it. Bangladesh presents

a unique setting to study this question. In 2009, a law was enacted in Bangladesh that

requires every candidate running for any public office to disclose their income, assets, edu-

cational and criminal background, and information on dependents. I use this data to define

dishonest politicians.

As stated above, directly comparing constituencies represented by dishonest and honest

politicians will not reveal the causal effects on public goods provision and economic devel-

1In parallel research, I will conduct a field experiment in Bangladesh. This will consist of an information
intervention to examine voters’ perceptions of politicians’ competency and honesty and identify the relative
weights voters place on those characteristics when voting.

2I use “he” for politicians because the elected chairman are all male. There is reserved vice-chairman
post for women politicians.
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opment, since constituencies who elect dishonest politicians may systematically differ from

those that do not. I rely on close elections, in which a dishonest politician narrowly de-

feats an honest one, and a regression discontinuity design to examine the effect of dishonest

politicians on public goods provision and economic progress3. My identification assumption

is that otherwise similar constituencies elect a dishonest politician versus an honest one by

chance. The running variable in my RD estimation is the winner’s vote margin. Using this

randomness at the cutoff, I show the causal effects on public good measures. My analysis is

at the local government level of Bangladesh, which are called upazilas (subdistricts). Captur-

ing public goods provision that depends on politicians’ characteristics, especially dishonesty,

is more effective at lower administrative levels of government.

In 2009, after 19 years of not having upazila elections, the third upazila election was

held in Bangladesh. All of the major political parties agreed to decentralize power and

grant more leverage to local governments in order to play a more inclusive role in terms

of local development. In this regard, an upazila chairman who is elected by voters for a

5-year term—becomes indispensable for public goods provision and economic progress for

the upazila. Social safety net programs serve as an excellent proxy for a public goods

measure in Bangladesh. Twelve percent of all households in Bangladesh4 are included in

these programs5. Specifically in rural areas of Bangladesh, the most economically challenged

households receive support from the central government under the social safety net measures.

Around 63% of the population live in rural areas in Bangladesh, where the poverty rate is

currently 35.2%. Social safety net programs mainly targeted to non-urban areas to reduce

3Lee (2008) pioneered the method; recent papers in India that focus on electoral competition, have used
an RD design to elicit causal estimates (Asar & Novosad 2015; Prakash et al. 2015; Bhavnani 2014);

4Bangladesh is the eighth largest country in the world in terms of population (170 million).
5Scholarship programs for education at the primary and secondary levels, different kinds of food pro-

grams, household benefit programs for the elderly, women’s empowerment programs, food for work, freedom-
fighters benefits, etc., are examples.
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poverty and the vulnerabilities of a socially and economically challenged population. The

government of Bangladesh declared social safety net programs one of the main anti-poverty

strategies (Khuda 2011). On average, 2.5% of GDP and 13.2% of the total national budget

goes to social safety net programs. I use two main measures of social such programs6: total

number of households in an upazila under the programs and total cash value of the programs.

Local leaders are instrumental in providing and managing social safety net programs in the

upazilas, and reports of serious misallocation of the programs have been revealed (Carlo del

Ninno 2001).

Between 2009-10 and 2014-15, I find that in subdistricts that narrowly elected dishonest

politicians, 27.3% fewer households received social safety net benefits compared with sub-

districts that narrowly elected honest politicians. Results are quantitatively similar under

the choice of different bandwidths and robust to various specifications. The effects on cash

values received by households are also negative but statistically insignificant in close elec-

tions comparison7. It could be the case that dishonest politicians are reaching out to fewer

households thus expropriating from the social safety net funds, but due to a clientalistic na-

ture are not taking money back from a certain number of households. To analyze the effect

between 2014-15 and 2019-208, I use a number of health and infrastructure variables at the

subdistrict level to develop an index of public goods provision using principal component

analysis (PCA)9. I use information on the number of community clinics in an upazila, the

6Household income and expenditure survey of Bangladesh (2015-16) is used for the variables; weights
adjusted according to upazila level population

7Including all the upazilas—simple OLS shows statistically significant negative effect; however, many
households did not respond in the survey about exact monetary value of the benefits they received. So in
the close vote margin, number of observations shrinks rendering lack of power to detect the any statistical
effect.

8Information on social safety net programs are only available in 2015-16 as it was the last national level
household survey conducted in Bangladesh.

9Information on all of the health and infrastructure variables were not available for the period between
2009 and 2015.
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number of sanctioned beds in the upazila health complex, and the average length of stay of

a patient in a upazila health complex; I also use a phone survey to collect the number of

Covid-19 patients reported to the community clinics. Each of the variables is indicative of

upazila-level health performance, in which the upazila chairman plays a vital role. Addition-

ally, I use growth of paved roads between 2016 and 2020 at the upazila level as an indicator of

infrastructure development. I find that upazilas with dishonest leaders have a 0.74 standard

deviation lower index value than constituencies with honest leaders. Comparing the means,

this translates into 125% lower index value in upazilas with dishonest leaders.

To measure the long-term impact of economic development, I used nighttime light im-

ages from the NOAA National Center of Environmental Information and the Visible Infrared

Imaging Radiometer suite (VIIRS), andprocessed GIS data for all upazilas in Bangladesh

for the years 2007, 2010, 2013, 2015 and 2019. I find a close to zero but statistically insignif-

icant impact on the growth of nighttime light over the period of 2015 to 2019. However,

categorizing subdistricts by wealthy dishonest versus wealthy honest leaders—measured by

politicians’ total assets above the mean value in 2014—I compare long-term economic de-

velopment proxied by the growth of nighttime light brightness. I find that subdistricts

with wealthy dishonest leaders have 5.75% point lower growth of nighttime light bright-

ness. There are no available estimates to convert night-time light brightness in GDP growth

in Bangladesh; however, Michalopoulos and Papaioannou (2013) provide an estimate using

more than 100 developing countries: 1% growth of night-time brightness is equivalent to

0.3% growth of yearly GDP. Using satellite and GDP data on Bangladesh, I estimate the

elasticity to be close to 0.165%. Using both estimates to convert nighttime light brightness

to GDP growth, I find (0.94∼1.72)% points lower yearly GDP growth per sub-district under

a wealthy dishonest leader. It is important to note that heterogeneous effect is persistent for
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public goods provision as well. I also find a stronger negative impact on the public goods

index as well in upazilas with wealthy dishonest leaders.

Furthermore, I show that my results are not driven by politicians’ ability. The political

economy literature on politicians’ quality indicates that education is a good proxy for ability.

I use politicians’ years of education and show that there is no effect on public goods provision

using a similar regression discontinuity design. Moreover, I provide evidence that ability, as

measured by education, and level of dishonesty, as measured by the asset growth of incumbent

politicians, are not correlated. Thus, the ability of politicians does not render the main

results endogenous. The impact on economic development, as measured by nighttime light

is mixed. Plausible explanation could be that local level leaders do not have the influence

to spur economic growth in his constituency within a short period of time.10 This can also

explain why dishonest politicians are not severely punished in terms of getting reelected,

which I show with my data in second chapter.

My paper mainly adds to four strands of the political economy and comparative politics

literature. The first strand shows that traits such as ability, measured mainly by education,

and the criminality of politicians affects the economic progress of their constituencies (Callen

et al. 2015; Alcántara 2009; Prakash et al. 2015). It is empirically difficult to identify

dishonesty traits of politicians due to lack of information. To my knowledge this is the first

paper that uses tax evasion as a dishonesty indicator and find the causal affect on public

goods and economic progress. Tax-evading politicians are not limited to Bangladesh; this

approach can be used in other democratic countries given the possibility of having such a

disclosure law.

The second strand of literature I contribute to is the mostly theoretical work on the

10Alternatively, it could be possible that politicians might be giving away some of the appropriated funds
to maintain a solid vote bank for getting reelected thus mitigating the negative effects; this effect can only
be profound in public goods provision, not in economic development.
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with ability and dishonesty of politicians and their selection mechanism (Besley, Pande and

Rao 2003; Messner and Polborn 2004; Caselli and Morelli 2004; Vaishnav 2017). Papers

have shown that criminally accused politicians have in fact some positive probability of get-

ting reelected, I provide empirical evidence regarding how dishonest politicians economically

affects their constituencies.

Third, my paper contributes to recent literature focuses on politician’s income and

asset in developing countries (Fisman et al. 2014; Bhavnani 2016; Asher and Novosad 2015),

mainly in India. The major finding is that the winner of a close election is using the power of

the office to earn money illegally, which is a clear sign of corruption. I add to this literature

by asking whether constituencies in which elected politicians are dishonest have less public

goods provision.

Fourth, I contribute to the vast literature on comparative politics, which deals with

distributive politics and public goods provision within a country (Golden and Min 2013;

Chandra 2013). My paper expands this literature by providing empirical evidence and an

ex ante measure of dishonesty, as measured by tax-evasion of politicians.

The rest of the chapter proceeds as follows. In section 1.2, I propose a simple theory

of public goods allocation by local governments that generates empirically testable claims.

In section 1.3, I discuss disclosure laws and forms and the specifics of upazila elections in

Bangladesh. In section 1.4, I describe my data in detail. In section 1.5, I describe my

definition of dishonest politicians using information from asset disclosures and tax forms.

In sections 1.6 and 1.7, I discuss the validation of my RD design and estimation strategy.

Results and robustness checks are elaborated on in section 1.8. I conclude in section 1.9, by

summarizing my overall insights and connecting my future research with this paper.
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1.2 Theoretical Framework

I start with the following simple model to explain the mechanism of expected relative

level of public goods provision at local governments (upaizlas) depending on politicians’

characteristics — specifically, honesty and clientelism.11

There are two constituencies (upazilas) in the model denoted by j ⊂ (1, 2). In each

upazila there are two groups of tax-paying voters k ⊂ (A,B). We can think these two

groups are divided in terms of their support for the candidates. In a practical setting—this

is similar to voters who are divided into two major political parties in Bangladesh. The share

of group k in upazila j is πjk.

Let gjk ⊂ (0, G) be the amount of public good provided in upazlia j for voter group k.

There is no spillover of public goods between two sub-districts, this is true in Bangladesh, as

an upazila chairman only manages public good provision in the upazila he represents. Thus

in upazila 1, g1A + g1B = g1, and in upazila 2, g2A + g2B = g2.

Now, politicians clientelism will enter in the individuals’ utility in the following way:

V j
k (gjA, g

j
B) = λjlog(gjA) + (1− λj)log(gjB) + yjk (1.1)

λj ⊂ (0, 1) indicates the degree of clientelism of the chairman in upazila j. So if λj > 1/2,

then the chairman belongs to the party that matches with voter group k = A. Due to this

match, because of clientelism, voter group k = A will have more share of public goods than

voter group k = B. If λ = 1, then due to extreme form of clientelism, only voter group

k = A is provided with public goods and voter group k = B does not get any provision. yjk

captures the private good for group k in upazila j.

11Model is motivated by Besley and Coate (2003), and Besley, Rahman, Pande & Rao (2004)
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In the model, public goods for upazila j is funded by the individuals’ tax amount T j.

For simplicity, price of public goods is assumed to be one. Honesty of the politicians is shown

in the model through budget constraint in the following way:

gjA + gjB = θjT j (1.2)

θj ⊂ (0, 1) measures the honesty of the elected upazila chairman. On one hand, if

θj = 1 then chairman is completely honest and he does not expropriate any tax income for

his personal uses. On the other hand, if θj = 0 then chairman is completely dishonest and

expropriates the full possible tax fund, leaving nothing for the voters as public goods. In

the two upazilas the chairmen will vary in terms of their measure of honesty— θ ⊂ (θ1, θ2).

With the above mentioned setting, public goods allocation will solve the following problem:

max
{gjA,g

j
B}
λjlog(gjA) + (1− λj)log(gjB) + yjk (1.3)

subject to

gjA + gjB = θjT j (1.4)

Solving the model yields the following optimal values of public goods provision for four

groups in two upazilas:

g1A = λ1θ1T 1

g1B = (1− λ1)θ1T 1

g2A = λ2θ2T 2

g2B = (1− λ2)θ2T 2

These results show that public good provision for a group of voters will depend on the

honesty and clientelism of the upazila chairman.
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∂gjA
∂θj

= λjT j > 0, indicates that as honesty increases, public good provision increases for voter

group A.

∂gjB
∂θj

= (1 − λj)T j > 0, indicates that as honesty increases, public good provision increases

for voter group B.

∂gjA
∂λj

= θjT j > 0, indicates that as clientelism increases, public good provision increases for

voter group A. In the model, as mentioned earlier λ > 1/2, indicating the match between

the chairman and clientelistic voter group A.

∂gjB
∂λj

= −θjT j < 0, indicates that as clientelism increases, public good provision decreases for

voter group B. In the model, as mentioned earlier λ > 1/2, indicating that the non-aligned

voters of group B are getting punished for non-compliance with the chairman.

Comparing public goods provision across groups and sub-districts will give the following

empirically testable predictions:

Proposition 1: honesty hypothesis: If θ1 > θ2 then public goods provision will be

higher in upazila-1 compared to upazila-2, and vice versa.

Proposition 2: clientelistic hypothesis: If levels of (dis)honesty are the same in

two upazilas θ1 = θ2, then g1A > g2A and g1B < g2B, if λ1 > λ2.

Model mechanism asserts that if θ1 > θ2, then λ1 < λ2. This is saying that if the

chairman of upazila-1 is more honest than the chairman of upazila-2, then the upazila-

1 chairman will be less clientelistic than the upazila-2 chairman. I will be able to test

‘proposition-1’ empirically with the data. There are limitations in the data to decompose

the effects of honesty into the voter groups of each upazila, as I do not empirically observe

public goods provision for each groups mentioned in the model. Also, I can only pseudo-test

‘proposition-2’, as no direct measure of clientelism is available12. It is important to note

12With some restrictions on the parameters, I will be able to structurally estimate the effects of honesty
and clientelism on public goods provision. However, in this paper, I do not take that approach rather I
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that the empirical results of the effects of honesty will be on the conservative side, as it also

captures the effects (if any) of clientelism. Effects of honesty and clientelism run in opposite

directions as shown in the model.

1.3 Institutional Background

1.3.1 Asset Disclosure Law and Upazila Elections

In 2009, a new law regarding asset disclosure of the candidates competing in elections

was passed in Bangladesh. This law makes it mandatory for every candidate competing in

national or local government elections to declare their own and as well as their family’s

asset information, along with education, criminal records, occupation and other related

information. The motivation behind the law was to curb corruption of politicians and also to

enrich the voters’ selection procedure by providing more information about the politicians.

But it still remains an open question in Bangladesh— whether voters have access to this

information and whether they actually use it to make ballot decisions.

Figure-A1 (see appendix) shows the administrative geography of Bangladesh. The focus

of the paper is on the sub-districts (upazilas), where the elected politician is known as the

upazila chairman. Upazila Cahirmen hold office for 5 year terms and are supported by an

upazila executive committee, where the other members are also elected.13,14 The following

present the model to provide better understanding of the empirical results of my regression discontinuity
design.

13Under the law, a candidate can not run under the political banner of the national parties. I have 2009
and 2014 in my sample under this law. Then it got changed recently and 2019 election was under major
political parties’ selected candidates. However, voters do know their ideological preferences given these
candidates do have history to work with some particular political party.

14In general, Bangladesh has two major parties, the ruling government (AL) is the central-left party and
the main opposition is the center-right party (BNP).
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timeline figure summarizes: times of the elections, tax-return periods, affidavit submission

time, data collection time, and the duration of the tenure of the local leaders, in which public

goods provision is estimated.

Figure 1.1: Timeline of disclosure law, tax-returns, elections and, tenure

Oct 2009 Nov 2009 Dec 2009 (Provision) Dec 2014 (Provision) Dec 2019

Income

Tax Return

Disclosure

Law

Third

Sub-

districts

Election

Fourth

Sub-

districts

Election

Fifth Sub-

districts

Election

Affidavits

Submitted

Affidavits

Submitted

Affidavits

Submitted

Before 2009, the last upazila election was held nineteen years earlier, the first ever upazila

election was held in 1985 for all 460 upazilas in Bangladesh. After a long political debate over

strengthening local government and decentralizing power, the major parties finally decided

on upazila election in 2009. The motivation was to give more power to local government to

implement effective development programs at the community level. An upazila chairman,

initially running without affiliation of national political parties, is elected by the local voters,

he is expected to deliver pubic goods and lead the upazila for more economic development.

In 1998, Parliament passed the act (ACT no. XXIV of 1998) indicating “provisions relating

to administrative powers, functions, and authorities to the upazila parishad which has been

laid down in the third schedule of the said Act”. The legislation was further amended in

2011.

It is evident from the law that an upazila Chairman has discretion over the government
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fund allocated to those upazilas under each fiscal year’s budget. Any development-related

work done at this administrative unit has to be overseen by the Upazila chairman. Thus,

whether a Chairman is dishonest or not can have a significant bearing on the economic

progress of the Upazila.

1.3.2 Close Elections

The following histograms show the distribution of upazilas under winning margins in

the 2009-10 and 2014-15 upazila elections, respectively. It is important to note that the

local government election in general is very competitive, more than the national level par-

liamentary elections in Bangladesh. On average, according to the distribution, 35.1%, 60%,

82.2% of upazilas fall under 5%, 10%, and 20% winning vote margins, respectively15. Close

elections also suggest that elections are not rigged by the incumbents. Having close elections

is a prerequisite to run regression discontinuity design (RDD). Given the distribution that

I have for the winning margin, empirically it is feasible to use vote margin as a running

variable in the RDD.

15Participation rate is also very high in local level elections. In third and fourth upazila elections, on
average, around 70% legitimate voters participated. The number is less in the last (2019) election as one
major political party did not participate due to political reasons
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Figure 1.2: The left panel shows the distribution of 2009-10 winning vote margin, and the
right panel shows the distribution of 2014-15 winning vote margins

Note: For both panels, left of the cutoff 0 are the vote margins of upazilas in which dishonest candidates

won over honest candidates. On the right side of the cutoff 0 are the vote margins of upazilas in which

honest candidates won over dishonest candidates.

1.3.3 Asset Disclosure and Tax Returns Forms

There are essentially three different forms that a candidate has to submit to the election

commission to get a nomination. One is a form of affidavit, where the candidate reports his

and his family’s income, occupation, education and criminal background-related information.

The second form provides sources of income and assets. The candidate discloses all the

sources of income and different categories of tangible and intangible assets and their values.

He also mentions all related information about income and assets of his family members in

this form. The last form is about his tax return. In this form, given that he has submitted

income taxes, there is information about his total asset, income and total tax that he has

given. Examples of these forms are provided in the appendix (Figure-A2 and Figure-A3).16

16I have hidden some of the information in the Appendix that could be sensitive.
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These forms are only available to the election commission exactly the way it is shown in the

Figure section. I have manually extracted all the relevant information and digitized it.

Most importantly, I use the affidavit form to find the reported individual income of

the politician and that of his family. In this form, politicians have a tendency not to hide

their true income. It is motivated by the fact that they might believe that politicians are

giving signals to voters with their higher assets, and voters will choose a wealthier politicians

believing that he will not need to expropriate public funds. On the other hand, a dishonest

politician will under-report his income on the tax forms to evade income taxes. Interestingly,

I found a bunching around the minimum income to pay taxes, another indication of under-

reporting income to evade income taxes. So I use the affidavit form to track the income of

the politicians and then use the tax forms to check whether the politicians have returned

income taxes and whether the amount returned is appropriate or not. Interestingly, by the

time the law of mandatory disclosure was passed in 2009, the deadline of tax return was

over. So even if dishonest politicians tried to cook their tax forms, it was not practically

possible.

1.4 Data

1.4.1 Politicians’ Information

Affidavits Forms

I have collected all the relevant information of politicians from the election commission

of Bangladesh. After a certain period of time after election, the election commission of

Bangladesh removes all the candidates’ information from the website. I was able to obtain
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the hard copies of the affidavits forms and tax forms with the help of an NGO. I have collected

profile information of the winners and runner-ups for the 2009, 2014 and 2019 of the upazila

elections and digitized them to create the dataset. The dataset includes candidates’ own and

dependents’ information on different sources and values of income; tangible and intangible

assets; educational qualifications17; past and current criminal records.

Income Tax Returns

All the candidates had to submit their income tax return forms along with their af-

fidavits forms prior to the election. It also mentions whether each candidate has claimed

income taxes or not. From the tax form, I am able to observe the reported income and asset

information of the candidates and also the exact amount of income taxes the candidates

paid.

1.4.2 Election Results

Election results from the 2009 and 2014 upazila elections are also not clearly docu-

mented by the election commission. Only the winner’s voting results are gazetted as per

law. The 2009 and 2014 elections were non-political party elections under law; again for

this reason there was some reluctance from the election commission to document the results

clearly. For this reason, I collected and cross-validated the election results from three sources.

First, the election commission; second, from newspaper articles immediately following the

election dates. Third, from an NGO which keeps record of the election results to some ex-

tent. I needed to use the last two methods as it is obligatory for my research purpose to

17I have converted the reported qualifications to years of education in following way: no education=0,
grade 1 to grade 9 = 1 to 9 years, secondary school certificate= 10 years, higher secondary school certificate
= 12 years, honors degree = 15 years, post-graduate degrees = 16 to 20 years, self-educated: 1 year
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know the vote counts of the runner ups and the total number of votes within an upazila.18

1.4.3 Public Goods Measures

Social Safety Net Programs

My main public goods provision indicator is social safety net measures for the 2009

to 2014 period. As mentioned earlier, an upzaila chairman has control over allocation and

use of funds related to social safety net programs. The Bangladesh government uses these

programs as one of the pillars to support the most poor and vulnerable population. These

programs are broadly defined in four categories: 1. special allowances to tackle poverty; 2.

employment generations through micro-credit initiatives; 3. food security-based activities;

4. health, education and training programs (Khuda 2011). I have collected information on

social safety net programs from a recent household income expenditure survey of Bangladesh

(2016). The survey has a total of 186,546 respondents, out of which 48,355 have participated

in social safety net programs.

Health and Infrastructure Measures

To analyze the impact of upazila chairmen between 2014-15 to 2019-20 political cycle, I

came up with a number of health and infrastructure measures. I do not have information on

social safety net programs, as the next survey will take place in 2021-22. From a phone survey,

I have collected health-services related information from a sample of upazilas. Using web-

scrapping from the website of Ministry of Local Government, I have collected information

on paved roads of upazilas. Allocations and progress of all the variables mentioned below

18In 2019, due to non-participation of one of the major political opposition parties, many of the upazila
chairman won uncontested.
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are dependent on upazila chairmen’s discretion. I use all of them to come up with an index

on public goods.19

Figure 1.3: Bar charts show the average values of health and infrastructure variables between
upazilas with honest and dishonest leaders

Note: Left and right panels show average values of the 5 variables used to construct the public good

provision index using principal component analysis. It shows that in all of the health and infrastructure

indicators, on average, upazilas with dishonest leaders perform worse than upazilas with honest leaders.

1.4.4 Economic Development Indicator: Night-time Light

In the development literature, night-time light brightness has been used as a proxy for

economic development for the last few years (Michalopoulos and Papaioannou 2013, Prakash

et al. 2019)) . There is no data source in Bangladesh that can provide data to calculate

upazila-level gross domestic product. Instead I use satellite images of night time light to

proxy for long run economic development. I have used the satellite images of Bangladesh for

2007, 2010, 2013, 2015 and 2019. I have collected the GIS data from NOAA National Center

for Environmental Information for 2007, 2010, and 2013. There is some discrepancy among

19I can not use each variable separately to measure the impact due to lower coverage of upazilas under
different variables.
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this data due to resolution differences and images that are not cloud free. GIS data from

2015 and 2019 are more compatible, which I have collected from Visible Infrared Imaging

Radiometer Suite (VIIRS) data, are more compitable and provide cloud-free images. For

2015, the yearly average image is provided, but for 2019 it is only on a monthly basis. Because

of this, I have used the January 2019 image. I have used the night-time lights images to

calculate the light intensity for each of the 485 upazilas.

1.4.5 Upazila-level Budget

Upazila expenditure

There are number of sources from which a upazila chairman receives funds. He receives

them from an allocation to Member of Parliament (MP) of the constituency. There are a

number of development projects run by donor agencies in cooperation with the Ministry of

Finance, Ministry of Local Government and Rural Development, and some other ministries

from which an upazila receives development funds. Upazilas also have there own revenue and

development budgets; only in recent years, they are formally documenting those. There are

local level tax collections done by the upazila chairman office. There is no public database

or source from which I can collect upazila specific income and expenditure by the local

governments. I use a sample survey by UNDP-BIDS conducted in 2014-15 to decompose the

local level income and expenditure of the upazilas. I use this sample survey to explain the

mechanism of negative effects on upazilas with dishonest politicians.

Central-fund allocation

To understand the mechanism, specifically whether or not the upazila level development

is explained by the variations in the funds received from the central government, I have
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collected administrative documents from the Ministry of Finance for the last two fiscal

years—2018-19 and 2019-20. From the documents, I have digitized the data for my analysis.

They do not have any previous years’ information disaggregated at the upazila-level to their

disposal.

Finally, to generate upazila level weight, and analyzing per capita development of the

upazila, I have used population census of 2011 to have the upazila level population.

1.5 Dishonest Politicians

1.5.1 Definition

My objective in this paper is to find the causal impact of dishonest elected politicians’

tenure on the economic progress of that constituency and compare them with constituencies

represented by honest politicians. I am using tax evasion based on the income the politician

has stated in the affidavit forms.20 I need to have ex ante information on politicians to figure

out whether he is dishonest or not.

The declaration of the disclosure law in 2009 came as a surprise that can help me use

tax evasion to find dishonest politicians. In September-October 2009, the income tax return

was due, and in December 2009 the election was held. Thus, the affidavits of income and

asset came after the tax submission. Dishonest politicians evaded tax and could not change

it later on. The mandatory law of disclosures came to effect for the first time that year, so

politicians were caught off-guard21. With this motivation, I use the following definition to

20Definition based on asset growth of politicians to see the impact on constituency level development used
in previous literature has the problem that asset growth may be due to economic progress thus endogenous,
which is the outcome I am interested in.

21The punishment of not paying the tax is not that heavy and being a Upazila Chairman, a person can
use his position to avoid any legal consequences.
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figure out dishonest politicians.

Definition 1: A politician is dishonest if he has more than or equal to Taka 265,000/300,000

but did not submit his mandatory Income Tax, subject to occupations.

By definition, if income is Y and tax amount is t, the variable dishonest = 1 if Y >

265, 000/300, 000 and t = 0, otherwise dishonest = 0.

According to the income tax law in 2008-09, a person is exempted from income tax if

his or her income is less than Taka 265,000/300,00022,23. Thus, in my sample of 493 upazila

chairmen, if someone did not have an income over Taka 265,000/300,000 and did not submit

his tax return, then he is not identified as dishonest. I have incorporated family income

in the equation because the dishonest politicians can avert taxes by transferring income to

family members, for example—he might own a business in his wife’s name. The latter is my

definition-two for dishonest politicians.

According to definition, I have the following distribution:

22USD 1 was equivalent to Taka 70 in 2009.
23The Taka 25,000 range is allowed depending on occupation categories.
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Figure 1.4: Honest versus Dishonest Politicians in 2009-10

Note: Four categories are shown above; from left to right— overall percentage of dishonest and honest

leaders using only individual reported income, overall percentage of dishonest and honest leaders using

diverted income to dependants, percentage of dishonest and honest leaders in major party Awami League

(AL), percentage of dishonest and honest leaders in other major political parties.

As mentioned earlier, the 2009 upazila election was a non-party one. Candidates

were not allowed to run under national political party banners. However, it became a

common knowledge to voters prior to the election about the affiliation of the candidate

with any one of the national political parties. Election commission, by law, cannot tag a

candidate under a political party. I went back to newspaper articles published right after

each round of 2009 election. From there, I collected information of political affiliation of the

winners of the 2009 elections. It is important to understand whether the number of dishonest

politicians varies according to the political parties. Bangladesh has two major political

party— Awami League (AL) and Bangladesh Nationalistic Party (BNP). AL is middle-left

in political ideology, and BNP leans to the right. Many leftist parties have coalition with
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AL and right-wing parties including Islamic religious political parties ally with BNP. I found

that in 2009, around 57.46% of upazila charimen were from AL and 42.45% were from BNP

and others.24 It is evident from this distribution that dishonest politicians are not skewed

towards any major parties.

Further check of the definition

In the RD design, I use dishonest winners over honest winners on the left of the cutoff and

honest winners over dishonest winners on the the right of the cutoff25,26. I track the 2009

runner ups, who have competed in the 2014-15 upazila election. Among these candidates,

118 competed in the 2014-15 election. Also, I have found that out of 249 winners (within

10% winning margin) in 2009-10, 127 have competed in the 2014-15 upazila election. I

collected both of these two groups’ asset information from 2014-15. Table-1.2 shows that the

winners, on average have higher total income and total asset compared to the runner ups.

This validates the results of Fisman et al. (2014) and Bhavnani (2012), which states that in

close elections winners accumulate higher wealth compared to the runner ups.

24Parliament is also currently controlled by AL. AL have won majority of the seats on the last three
parliamentary elections. However due to political turmoil and disbelief between the two major parties, BNP
did not participate in the last two parliamentary elections. Interestingly in 2009 an 2014, in both times
candidates backed up by BNP participated in upazila elections.

25For 2014-15 election this requirement is met as I was able to collect information on all the runner-ups
26For 2009-10, election commission could not retrieve all runner ups information. I only have 103 runner

ups profile to understand whether they are dishonest or not. Using this truncated sample hinders me to
have enough statistical power to run the RDs. However I have one with the small sample, and signs of the
main results remain intact, although I lose statistical significance.
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Table 1.1: Income and Asset information in 2014 of Winners and Runner-Ups from 2009

Variable Winners of 2009 Runner-Ups of 2009 Difference

Total Income in 2014
2.2 0.71 1.52

(1.3) (1.4) (1.47)

Total Asset in 2014
8.2 7.08 1.12

(2.5) (1.4) (3)

Notes: In million of Taka. 1 USD = Taka 70 in 2010. Standard errors in the parentheses.

Dishonest vs. Honest winners

In Table-1.2, I show that in 2014-15 the dishonest winners from 2009-10, on average,

have more income and assets compared to honest winners from 2009. Specifically, in terms

of total assets, the dishonest winners have around $124,025 more than honest ones. This

result clearly bolster the definition of dishonest politicians that I have used for my analysis.

More importantly, I followed the set of dishonest and honest winner in 2019-20 elections.

The last row of the table shows that there is 3.6% higher asset growth of dishonest woinners

compared to honest winners.
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Table 1.2: Income and Asset information in 2014 of dishonest and honest winners from 2009

Variables Dishonest Winners Honest Winners Difference

Total Income in 2014
5.2 0.77 4.51

(4.1) (0.2) (2.9)

Total Asset in 2014
15 5.08 9.97∗

(8.0) (0.7) (5.5)

Asset Growth (2014-2019)
27.78 24.28 3.6

(12.51) (11.15) (5.5)

Notes: In million of Taka. 1 USD = Taka 75 in 2014. Standard errors in the

parentheses.

Ex ante characteristics of politicians

The second set of tests deals with ex ante characteristics of the honest and dishonest

politicians. According to my definition of dishonest politicians, it is important to find some

meaningful differences in their income and asset records. The following table provides this

evidence. I find that the income and assets of the dishonest politicians are higher on average

and that it is statistically significant. This also gives validation to the definition of dishonesty

that has been used in the paper. Interestingly, the wealth record that has been collected

from the tax-return document shows that the honest politicians have more wealth than the

dishonest, unlike in the affidavit form. However, the difference is insignificant. This also

implies that there is a high possibility that the dishonest politicians have misreported about

their wealth in the tax returns forms.

There are other statistically different features between honest and dishonest politicians.
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Average income reported by dishonest politicians in the tax return form is 61.4% less than

the amount declared in the affidavit forms. This shows the that dishonest politicians are

under-reporting their income to evade taxes and over-reporting their wealth and income on

affidavits to show off to the voters. On the other hand, honest politicians are reporting more

income on tax return compared to affidavit forms.

Table 1.3: Pre-determined Characteristics of Candidates

Variables Honest Dishonest Difference

Individual income from affidavits .607 .960 −.352∗

Family income from affidavits .651 1.056 −.404∗

Total Asset in self-declared form 4.043 5.481 -1.438

Total Income in tax return form .942 .370 .572

Tax Paid (in Taka) 91990.09 0 91990.09∗∗∗

Years of Schooling 13.78 13.57 .217

Past Criminal Records .494 .548 -.054

Current Criminal Records .230 .338 -.108∗

Number of observations 351 133 -

Note: ***, **, * denote 1 percent, 5 percent and 10 percent level of significance,

respectively. The unit of monetary measure in this paper is Taka (BDT).

USD 1 = Taka 70. Information on the variables are collected from candidates’

reported affidavits and income tax returns from the upazila elections in 2009 & 2014.

First four entries are in million Taka.
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Another important finding from this table is that dishonest politicians are just as edu-

cated as honest politicians. It also confirms that the main results of the paper are not driven

by competence of the politicians, which I expand on in second chapter. The second to last

row in the table shows that compared to honest politicians, dishonest politicians had 10%

more criminal records and this is statistically significant. Therefore, there is a fairly a loose

correlation between politicians having criminal records and being dishonest.

1.5.2 Spatial distribution of upazilas

The following set of maps demonstrates the spatial distribution of constituencies with

dishonest versus honest politicians. There is significant spatial variation in income and edu-

cation in the east and west of Bangladesh. It is notable, however, that dishonest politicians

are not selectively represented in east or west. It is also noticeable that compared to 2009,

few upazilas in 2014 are changing from honest to dishonest, and vice versa.
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Figure 1.5: Geographical distribution of upazilas with dishonest and honest elected politi-
cians in 2009-10 & 2014-15

Note: Left map shows the spatial distribution of upazilas with honest (green) and dishonest (red) upazila

chairmen between 2009-10 and 2014-15. Right map shows the spatial distribution of upazilas with honest

(green) and dishonest (red) upazila chairmen between 20014-15 and 2019-20.

1.6 Empirical Strategy & Validity of RD

1.6.1 Identification under Regression Discontinuity (RD)

The following strategy is used to have the causal estimate under regression discontinuity

design:

In my analysis, the treatment is, if a politician is dishonest, he gets a value of 1, otherwise
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he gets a value of 0. Lets say, D = 1 if politician is dishonest and D = 0 if he is honest. Let

Xi be the margin of votes for victory in the 2009/2014 Upazila elections. c = 0 is the cut-off

point. Then,

Di =


Di = 1, if Xi ≥ c

Di = 0, if Xi ≤ c

Lets say, Y1 and Y0 are the provision of public goods in dishonest and honest constituencies,

respectively. Then, at the vicinity of the cut-off, I am able to identify the causal effect of

treatment according in following way:

βRDD = E[Y1 − Y0|X = c]

= E[Y1|X = c]− E[Y0|X = c]

= limx→c ↑ E[Y1|X = c]− limx→c ↓ E[Y0|X = c]

The following are the identifying assumptions that I need to make the causal estimate:

Y1, Y0 ⊥⊥ D|X

and

0 < P (D = 1|X = x) < 1 [In my case of Sharp RD, this assumption is met]

As mentioned above, there are two main concerns regarding the validity of RD design,

in the following section I discuss them in detail.

1.6.2 Manipulation test: Density estimate at the cutoff

The first test of validity is the test for a jump at the cutoff of in the density of the running

variable. The concern is that the vote margin is non-smooth at the cutoff due to the rigging of
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elections by the dishonest politicians.27 This test implements a check at the cutoff, whether

there is a statistically significant discontinuity of the forcing variable. The running variable is

the winning margin of votes. On the right side of the cutoff is the difference as a percentage

of total votes of an honest winner over a dishonest runner up. On the left hand side of the

cutoff is the difference as a percentage of total votes of dishonest winners over an honest

runner up.

Figure 1.6: McCrary test of Density around the cutoff of the Forcing variable, Margin of
Victory

Note: The p value is : 0.40 - failed to reject the null of continuity at the cutoff.

The above figure shows that the discontinuity is not statistically significant above

and below the cutoff.28.

27Previously, in RD literature, it was known as the McCrary (2008) density test. In recent development,
the most popular test is known as the Cattaneo, Jansson, and Ma (2017a) density test.

28This test employs a polynomial order of 2 and the bandwidth is selected by the following criterion
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1.6.3 Balance Test

The second test is to see whether the known characteristics of the upazilas are con-

tinuous at the cutoff. This is primarily the second test of validity of RD design (Imbens

and Lemieux 2008). The objective of this test is the characteristics of constituencies with

dishonest chairmen could be different from the constituencies with honest chairmen in the

overall sample, but they should not be discontinuous around the cutoff. The only exception

is the treatment itself, which in this case jumps from 0 to 1 from moving right from the left

of the cutoff (Sharp RDD). Table-1.4 shows the differences of the characteristics of honest

and dishonest constituencies in the pre-election period. As shown, mostly all the variables’

differences are statistically insignificant besides literacy rate.

(Cattaneo, Jansson, and Ma (2017a)) for the restricted model (where h is the bandwidth): ˆhR
comb,p =

min[ ˆhR
diff,p, ˆhR

sum,p]
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Table 1.4: Descriptive Statistics of Pre-determined Characteristics of Upazilas

Variables Honest Dishonest Difference

Total Population 240,661 223,204 17,456

(11115) (14247) (19258)

Literacy Rate 41.2 44.23 -2.9∗

(.7) (1.1) (1.4 )

Electricity access 22.4 23.3 -.87

(1.3) (2.09 ) (2.4)

Tube-well access 81.7 81.9 -.16

(1.5) (2.3) (2.7)

Sanitary-Toilet access 30.6 29.6 .95

( 1.5) (1.9) (2.5)

School Enrollment 48,465.2 44,364.4 4,100.8

(2127.7) (3046.3) (3772.3)

Average Night-time light Brightness 1.53 1.46 .071

( .26) (.22) (.41)

Number of Observations 351 133

Notes: ***, **, * denote 1 percent, 5 percent and 10 percent level of significance, respectively.

Standard errors are in parentheses.

The eight separate variables are used and presented in the following figure to check for

the continuity at the cutoff. Every dot represents an upazila and the lines are local linear

regression fit. There are two curves separated by the cutoff. The curves are derived using thr

triangular kernel and optimal bandwidth calculator proposed by Imbens and Kalayanaraman
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(IK)(2012). So, Upazila level characteristics, measured by literacy rate, school attendance,

percentage of households with electricity access, percentage of households with sanitary toilet

access and percentage of households with tube-well water access, do not vary at the cutoff

and the change at the cutoff is not statistically significant.
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Figure 1.7: Balance check test of density around the cutoff of the Forcing variable, Margin
of Victory for eight variables
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Continuity Check: Pre−determined characteristics of Upazilas

Note: Eight variables are presented above: literacy rate, school attendance, percentage of households with

electricity access, percentage of households with sanitary toilet access and percentage of households with

tube-well water access, total electoral votes, total populations, and average night-time light brightness

prior to the 2009-10 election. There are no discontinuous jumps of any of the variables at the cutoff. On

the left of the cutoff are upazilas with dishonest winners, and on the right side of the cutoff are upazilas

with honest winenrs.

Also, the average luminosity that I have captured from GIS data do not vary at the

cutoff and this for 2007, which is right before the Chairman got elected for a particular
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Upazila. The last two figures are of total electoral votes (taken in log) in the 2009-10 upazila

election and total population (taken in log) of the Upazila. These two variables are also

not statistically different at the cutoff. These validity checks confirm that the identification

under RD should elicit the causal effect of having a dishonest politician on constituency level

public goods provision.

1.6.4 Regression Discontinuity Design

In my RD design, on the right side of the cutoff of the running variable, I have the

constituencies where there were honest winners in the 2009 election. On the left side of the

cutoff are the constituencies of dishonest winners of 2009 election, and winning margins are

denoted as negative. My major dependent variable here is the provision of social safety net

programs adjusted for the total population of the Upazila. I have generated upazila weights

from population census and have used them to remove any bias that might be generated from

the household survey sampling. If the dishonest politicians under-provide public goods, there

would be a discontinuous jump at the cutoff. But if the alternative hypothesis holds, then

there could be no jump or fall, suggesting dishonest politicians did not negatively effect the

outcome or could have had even positive effects. So here at the cutoff, the status of the

politicians gets changed from dishonest to honest (1 to 0). Closer to the cutoff, the margin

of victory becomes very small, thus the outcome of the election becomes as good as random.

As a result, constituency that has voted for a honest politician becomes a counter-factual

for a constituency that has voted for an dishonest politician at the small margin of votes.

Connecting the expected results with the theoretical framework I provided in section-2, we

can think the variable ‘dishonest’ as θ and Ydt as the level of public goods provision denoted

by gj in the model.
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I use the following regression equation to estimate the RD effect of electing a dishonest

politician compared to an honest one.

Ydt = αd + βdishonestidt−1 + f(V oteMarginidt) + εdt, (1.5)

where, ∀V oteMarginidt ⊂ (c− h, c+ h)

Here (Ydt) = logYdt+1 - logYdt , which measures the number of families getting social

safety net programs in a constituency over the period from 2010 to 2015 for SSNP. h would be

the bandwidth choice that will determine the neighborhood around the cutoff, c. fV oteMargin

is a semi or non-parametric continuous function. In this setup, β will give me the causal

impact of electing dishonest politicians relative to honest ones on the public goods provision

of constituencies.

1.7 Results

1.7.1 Dependent variable: Social Safety Net Programs

To evaluate whether dishonest politicians are having a negative impact on development

of his constituency, I need to come up with variables that are closely related to the activities

of an upazila chairman. Social safety net programs (ssnp) are an accurate measure of public

goods provision in the case of Bangladesh. 12 % of all the households in Bangladesh are

receiving social safety net support from the government, especially the poorer households in

rural areas. On average, 2.5 % of GDP & 13.2 % of total budget of Bangladesh go to ssnp.

There are 50 different programs running under ssnp. Scholarship programs for education

at the primary and secondary level, different kinds of food programs, household benefit
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programs for elderly, women empowerment programs etc are under ssnp. Among these

programs, many fall under direct jurisdiction of the upazila chairman. Dishonest politicians

can severely misuse these funds for their own benefits, leaving the households under the

program vulnerable. I use two main variables related to ssnp to understand the impact of

having dishonest politicians—total households under ssnp in a upazila and total value (cash

and in-kind) of the transfer to a household in upazila. Following table shows the descriptive

statistics of the two variables. I use the Bangladesh household income expenditure survey

(2015-16) for the data on ssnp.

Table 1.5: Descriptive Statistics: Social Safety Net Programs

Social Safety Net Programs Mean Std. Dev Min Max Observations

No. of households

receiving social safety nets
15.74 29.53 0 249 480

Average value (in Taka)

of social safety nets per household
1773.196 1883.80 300 21750 335

On average, around 16 households are receiving ssnp in each upazila. The average value

per household of the programs is Taka 1773.2 29. More importantly, both of the variables

vary significantly in upazilas with dishonest versus honest leaders.

29In 2015, $1 = Taka 75
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Table 1.6: OLS results of social safety net programs

No. of households
Value of the programs

per household

Dishonest
-5.969**

(2.4)

-282.7*

(163.7)

Constant
17.37***

(1.78)

1855.9***

(141.3)

No. of upazilas 480 335

Note: Standard errors in parentheses; *** p<0.01, ** p<0.05, * p<0.1

Before moving to the RD estimates, I want to show that the above table provides

OLS estimation of having dishonest upazila chairman as opposed to an honest one. As

discussed before, simple OLS results are not causal evidence of having dishonest politicians,

as constituencies that elected dishonest politicians can be systematically different from the

ones that do not. Nonetheless, it provides general evidence that upazilas with dishonest

leaders have 6 fewer households receiving ssnp and Taka 283 less in terms of average value

of the programs. I will use the number of households as the main dependent variable to run

the RDD because it has been observed in Bangladesh that local leaders reached out to fewer

households in many development initiatives, mainly because of corruption (Khuda 2011).

Also, many households in the survey did not mention the value of the program received,

thus I lose statistical power for RDD if I use the value of the ssnp as dependent variable.

Figure-1.9 and figure-1.10 provide prima facie evidence of my results. The Y axis of the

figure is the number of households receiving ssnp (adjusted for the population of the upazila)

in constituencies over the period from 2009-2015 at the upazila-level. The running variable
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in the X axis is the margin of votes for the winner in percentage term of total votes in the

election of an upazila in 2008-09. The cutoff is at 0 and on the right hand side of the cutoff

are the constituencies which had honest elected politicians. On the left side of the cut off are

the constituencies which had dishonest politicians as their elected chairmen. Each dot rep-

resents the sample average of a bin. The solid lines depict a polynomial regression function

that uses triangular Kernel and the optimal bandwidth formula proposed by CCT(2016).

The RD figure shows a sharp discontinuity at the cutoff. On average, an upazila with a

dishonest politician has 12 fewer households in terms of social safety net provision compared

to honest upazilas. In the upazilas with honest chairmen, an average of 44 households recieve

social safety net programs. So 27.27 percent less households are provisioned in the dishonest

constituencies.



40

Figure 1.8: Number of households receiving social safety net support

Notes: Regression discontinuity with polynomial order of one with dependent variable: number of households

receiving social safety net programs. On the left of the cutoff 0 are the upazilas with dishonest upazila

chairmen, and on the right of the cutoff 0 are the upazilas with honest chairmen. Margin of victory in the

election is on the x-axis as the running variable of the RD.
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Figure 1.9: Number of households receiving social safety net support

Note: Regression discontinuity with polynomial order of two with dependent variable: number of households

receiving social safety net programs. On the left of the cutoff 0 are the upazilas with dishonest upazila

chairmen, and on the right of the cutoff 0 are the upazilas with honest chairmen. Margin of victory in the

election is on the x-axis as the running variable of the RD.
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Table 1.7: Effect of having a dishonest politician on social safety net provision

No. of households (1) (2) (3) (4)

Honest Constituencies 12.69∗∗∗ 12.03∗∗ 12.82∗∗ 11.46∗

(4.93) (5.86) (5.33) (6.5)

Kernel Triangular Triangular Uniform Uniform

Bandwidth (CCT) 14.7 20.06 11.3 18.04

Polynomial one two one two

No. of Observations 485 485 485 485

Note: ***, **, * denote 1 percent, 5 percent and 10 percent level of significance, respectively.

Standard errors in parentheses. RD estimates of the number of households are reported in all

the four columns using different specifications.

1.7.2 Results: Analysis of 2015-20 political cycle

The fourth upazila election took place in 2014-15 and there were six rounds of elections

taking five months of time. To test whether dishonest politicians have a negative effect on

public goods provision in 2015-2020, I apply similar methods but with different dependent

variables. I do not have information on social safety net programs provision for years after

2015. Using a set of health and infrastructure variables at the upazila level, I construct a

public goods provision index using principal component analysis. The health indicators that

I have used are: No. of community clinics, No. of self-reported Covid-19 patients at upazila

facilities, No. of sanctioned beds at upazila health complexes, and average length of stay of

a patient in the hospital. The infrastructure indicator used for the index is the growth of
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paved roads from 2014-15 to 2019-20.

Figure 1.10: Scree plot of the Eigenvalues

Note: Screepolot of eigenvalues of the components is shown in above figure. First three components explain

73% variations

The screeplot of the eigenvalues generated from the principal component analysis show

that the first three components explain 73% variaton in the data. Using the components,

I generate the score for each upazila, which serves as the public goods provision index.

The following figures provide the result of the RD design, where the dependent variable is

the public goods provision index. In the appendix (Table A.1), I provide the top-20 and

bottom-20 upazilas in terms of the index values.30

30To my knowledge, I provide the first recent ranking of upazilas in terms of public goods provision in
Bangladesh. This is going to immensely helpful for the policy makers of Bangladesh. Full ranking available
on request.
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Figure 1.11: PCA Index

Note: Regression discontinuity with polynomial order of one with dependent variable: public good provision

index constructed using principal component analysis. On the left of the cutoff 0 are the upazilas with

dishonest upazila chairmen, and on the right of the cutoff 0 are the upazilas with honest chairmen. Margin

of victory in the election is on the x-axis as the running variable of the RD.



45

Figure 1.12: PCA Index

Note: Regression discontinuity with polynomial order of two with dependent variable: public good provision

index constructed using principal component analysis. On the left of the cutoff 0 are the upazilas with

dishonest upazila chairmen, and on the right of the cutoff 0 are the upazilas with honest chairmen. Margin

of victory in the election is on the x-axis as the running variable of the RD.

A median value of the index is 0.27 with a standard deviation of 1.23. The RD estimate

is 0.94, which means that the upazilas with honest leaders have a 0.74 standard deviation

higher index value compared to upazilas with dishonest leaders.31

31In appendix, Figure-A4 coefficients plot shows that in all the three dimensions of growth of roads,
dishonest politicians’ constituencies are doing worse than the upazilas with honest politicians.
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1.7.3 Economic Development: Nightime light luminous

Using the satellite images from NOAA National Centers for Environmental Information and

the visible infrared imaging radiometer suite (VIIRS), I have created a datatset of night-time

light brightness of Bangladesh in 2015 and 2019. The following two pictures show the images

that have been converted to numerical values for my analysis.

Figure 1.13: Night-time light image of Bangladesh:2015

Note: Pixel values of the night-time light brightness is used to measure economic development.
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Figure 1.14: Night-time light image of Bangladesh:2019

Note: Pixel values of the night-time light brightness is used to measure economic development.

In 2015, the average night-time light brightness for an upzaila was 1.92 and 2.27 in the

year of 2019. Over this period of this time, the growth was 9.1%, with an annual growth

rate of 2.3%. Indeed, GDP growth of Bangladesh within this period was around 7 to 8% per

year. However, the growth was not evenly distributed among all the districts. To address

this issue, I apply regression discontinuity where the dependent variable is the growth of
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night-time light. Using the full sample, the following RD plot shows that there is almost no

statistical difference between the growth of night life between the upazilas with honest and

dishonest politicians.

Figure 1.15: RD result: Growth of Night time light

Note: Pixel values of the night time light brightness is used to measure economic development. Regression

discontinuity with a polynomial order of one with dependent variable: growth of nighttime light brightness

over the period from 2015 to 2019. On the left of the cutoff 0 are the upazilas with dishonest upazila

chairmen, and on the right of the cutoff 0 are the upazilas with honest chairmen. Margin of victory in the

election is on the x-axis as the running variable of the RD.

The following table shows the RD estimates with different bandwidth choices and poly-

nomial orders; We can see that the estimates are essentially zero.
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Table 1.8: Effect of having a dis(honest) politician on Growth of night-time light

Growth of NL (1) (2) (3) (4)

Honest Constituencies -.03353 .00687 -.00445 .0224

(.0463) (.07215) (.05763) (.07363)

Kernel Triangular Triangular Uniform Uniform

Bandwidth (CCT) 12.9 13.3 6.8 10.18

Polynomial one two one two

No. of Observations 485 485 485 485

Note: ***, **, * denote 1 percent, 5 percent and 10 percent level of significance, respectively.

Standard errors in the parentheses. RD estimates of growth of nighttime light over the period

from 2015 to 2019 are reported in all four columns using different specifications.

One plausible explanation of this null result is that the local level leaders might not

have the power to spur overall economic growth.

1.8 Heterogeneity test: Wealthy politicians

One natural question could arise—Whether public goods provision and economic devel-

opment can vary by the degree of dis(honesty). So far, throughout the analysis, my definition

of dishonesty is a binary measure (0 vs.1). Given the data I am using to measure dishon-

esty, it is difficult to come up with a method to measure degree of dishonesty. One way to
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measure this is to use the growth of assets of a politician (the higher the growth, higher

the dishonesty if he evaded income taxes). However, it is problematic to use asset growth

as a measure of dishonesty and analyze its effect on public goods provision and economic

development because the development of an upazila and the growth of wealth of politicians

could be correlated. This can make the results endogenous. I introduce a measure to check

the effects on public goods provision and economics development of wealthy dishonest politi-

cians. The following histogram shows the distribution of candidates’ assets (log) reported in

2014-15. I take the mean value of log asset (15.01) and truncate the sample to the right of

the line.

Figure 1.16: Asset Distribution

Note: Distribution of total assets of politicians in 2014-15. Mean value of log asset (15.01), indicated by the

dark line. Sample of relatively wealthy leaders on the right side of the dark line.
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I will be comparing dishonest wealthy politicians to honest wealthy politicians in the

following RD plots. Are the wealthy politicians more dishonest? I am not able to provide

a direct link between wealth and dishonesty. What I am claiming here is that politicians

with higher assets, who are tax-evaders, are relatively more dishonest than tax-evaders with

lower assets holding. On the other hand, politicians with higher wealth, that do return their

income taxes properly can be a signal of politicians with a relatively higher level of honesty.

I have already shown in section 5 that occupation-wise there is not fundamental differences

between honest and dishonest elected leaders. I have also provided evidence that, on average,

dishonest politicians have higher growth of assets than honest politicians in their five-year

tenure.

In the RD plots, on the left of the cutoff, I now have a upazilas whose dishonest leaders

have a higher than average value of assets. On the right of the cutoffs are upazilas whose

honest leaders have a higher than average value of assets32.

32Growth of assets between 2009-2015 cannot be a good measure of degree dis(honesty) for two rea-
sons:First, conceptually, asset growth can be endogenous to economic development growth of the upazila.
Second, practically, I only observe a very small sample of politicians in 2014-15 to compare the asset growths.
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Figure 1.17: RD result: Public Goods Index and Growth of Night time light in upazilas with
wealthy politicians

Note: The left panel shows the discontinuous jump on public good index from wealthy dishonest to wealthy

honest leaders. The right panel shows the discontinuous jump on growth of night-time light from wealthy

dishonest to wealthy honest leaders. On the left of the cutoff 0 are the upazilas with dishonest upazila

chairmen, and on the right of the cutoff 0 are the upazilas with honest chairmen. Margin of victory in the

election is on the x-axis as the running variable of the RD.

The left figure shows the discontinuous jump of the public goods provision index and

the right one is for growth of night-time light brightness. We can observe that upazilas

with wealthy honest leaders are performing better than upazilas wealthy dishonest leaders

in terms of public goods and economic development.
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Table 1.9: Effect of having wealthy dis(honest) politicians on public goods index

Public Goods Index (1) (2) (3) (4)

Honest Constituencies 1.23∗ 1.4∗ 1.01 1.3

(.71) (.82) (.70) (.90)

Kernel Triangular Triangular Uniform Uniform

Bandwidth (CCT) 14.4 24.1 10.5 16.6

Polynomial one two one two

No. of Observations 190 190 190 190

Note: ***, **, * denote 1 percent, 5 percent and 10 percent level of significance, respectively.

Standard errors in parentheses. RD estimates of public good index from 2015 to 2019 are

reported in all four columns using different specifications.

The RD estimates of public goods index are bigger than what I found in the regular full

sample.
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Table 1.10: Effect of having wealthy dis(honest) politicians on growth of night-time light

Growth of NL (1) (2) (3) (4)

Honest Constituencies .17∗ .23∗ .13 .21∗

(.10) (.13) (.102) (.12)

Kernel Triangular Triangular Uniform Uniform

Bandwidth (CCT) 12.7 15.5 11.62 15.6

Polynomial one two one two

No. of Observations 190 190 190 190

Note: ***, **, * denote 1 percent, 5 percent and 10 percent level of significance, respectively.

Standard errors in parentheses. RD estimates of growth of nighttime light from 2015 to 2019

are reported in all four columns using different specifications.

Table-1.10 shows the RD estimates of growth of night-time light. On average, there is

23% higher growth of night-time light brightness in upazilas with honest leaders over the

period from 2015 to 2019. I use elasticity from literature and my own estimate to convert

night-time light brightness growth to GDP growth in upazilas. One % night-time growth is

equivalent to 0.3 GDP growth (Henderson et al. 2015) I use following equation to measure

elasticity:

ε =
Average∆GDPGrowth

Average∆NightlightGrowth
∗ 100

Using available night-time light data from 2007, 2010, 2013, 2015 & 2019, I find ε =

0.165%. Previously, from the RD estimate, I find yearly night-light growth—honest versus

dishonest is, on average, 5.75%. Using both the elasticites as higher and lower bounds, I find
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GDP growth: 0.94%∼1.72% lower in upazilas with wealthy dishonest leaders.

1.9 Conclusions

I use a novel approach to define dishonest politicians and find using regression discon-

tinuity design that there is an economic cost associated with electing tax-evading politicians

in closely contested constituencies. I find that 27.3% fewer households in upazilas with dis-

honest politicians do not receive social safety net programs. Furthermore, in terms of cash

benefits under the programs, there is not much of a statistical difference, indicating the pos-

sible presence of some sort of clientelestic behavior by the dishonest politicians. In terms of

long-term economic progress, measured by night-time light brightness growth, I find a close

to zero but statistically insignificant impact. This indicates that local-level elected leaders

do not have the influence to spur overall economic growth for the upazilas within a short

period of time. Interestingly, among the wealthy dishonest leaders’ upazilas, I find a 0.94%

to 1.72% lower growth in terms of yearly GDP in comparison with wealthy honest chairmen’s

upazilas.

One of the major contributions of my work is to use the self-reported information pro-

vided by the politicians to come up with a measure to identify dishonest politicians, ex ante

of his office term. With administrative and political backlashes, I was able to collect the

raw information from the asset and tax disclosure form in order to use them in my research.

There are other developing countries which have similar disclosure laws. If information is

accessible in those countries, then a similar approach could be applied to identify the dis-

honest politicians. In many instances, using a third-party audit system to find corrupted

politicians might not be successful due to political backlashes; additionally, third-party uses
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ex post measues, which can be endogenous to the economic progress of the constituency.

Using self-reported information provides an easier opportunity to track down dishonest or

corrupted politicians.



57

Chapter 2

Tax-evading Politicians and Public

Goods Provision—Understanding the

Mechanism

2.1 Introduction

In this chapter, I shed lights on the possible mechanism of the negative effects on public

goods provision in the constituencies governed by dishonest politicians. I have explored a

number of possible channels to understand the effects. First and foremost, it makes sense

to see if there is any significant differences in local level budget—income and expenditure.

Unfortunately, there is no central repository that collects upazila-level budget details. I used

a study conducted by BIDS1 and UNDP in 2014-15 on 40 randomly selected upazilas. I

have used the yearly budge information from the upazilas in the sample, and found out that

1Bangladesh Institute of Development Studies; Project was conducted in 2015, I was a part of the research
team.
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the local level development expenditure is on average 3.1 million Taka less in the upazilas

run by dishonest politicians. I also further found that the difference is not explained by

lack of revenue, as there is no statistically significance difference in local-tax revenues. It is

important to mention that I was not able to implement regression discontinuity as I do not

have enough statistical power to do so.

Political economy literature emphasized on politician’s ability to understand variations

in economic development and public goods provision. I have used years of education of

politicians as a measure of ability. I run similar regression discontinuity, changing the running

variable to years of education. I found no statistically significant impact of having higher

years of education on public goods provision.

Next, I look into whether politician’s dishonesty is correlated with ability. The hypoth-

esis here is that the politicians who are more dishonest could be more able thus the results

are not fully driven by politician’s’ dishonesty. I found no evidence of correlation between

politician’s dishonesty and ability, where ability is measured by years of education.

Furthermore, I also provide evidence that the resources allocation from the central

government does not significantly vary between upazilas with dishonest versus honest politi-

cians. Lastly, I show that dishonest politicians’ re-election probability is not significantly

lower than that of honest politicians. It means that dishonest politicians maximize their

utility (appropriating funds) by not taking into consideration of getting elected in the next

term.



59

2.2 Upazila-level expenditure: A sign of embezzlement

The results in first chapter shows that dishonest politicians have negative effects on so-

cial and economic development indicators of their upazilas. It is important to know whether

these results correspond to the first-stage impact on upazila-specific annual income and de-

velopment expenditure. I was only able to collect information on 60 upazilas from the local

upazila executive offices about their local level income and expenditure (from 2011-15). Data

came from a survey by UNDP-BIDS2 project on local government development. With the

limited data, the following table shows that upazilas with dishonest politicians are hav-

ing lower mean income and also lower development expenditures, although having similar

local-level revenue. Dishonest politicians, either by direct embezzlement or by some other

measures, are inflicting lower income and also expenditure on the upazilas they are repre-

senting. This is an indication of why, in terms of public goods provision, constituencies under

dishonest politicians lag behind in comparison to the upazilas with honest representatives.

2Bangladesh Institute of Development Studies (BIDS).
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Table 2.1: Upazila Income and Expenditure

Annual Income
Development

Expenditure

Local tax

Revenue

Dishonest Constituencies
-32.9*

(13.4)

-3.1*

(1.3)

-15.3

(15.6)

Constant
42.3**

(13.73)

34.9*

(13.47)

25.5

(16.9)

Upazila Specific Control Yes Yes Yes

Note: In million Taka; 1 USD = 75 Taka.

t statistics in parentheses. * p <0.05, ** p<0.01, *** p<0.001

2.3 Alternative hypothesis: Ability of politicians

2.3.1 Years of education as a measure of ability

What if the negative affect on public goods can be explained by the ability of politicians

rather than honesty? A good number of papers have used education as the proxy of ability

of politicians (Besley et al., 2005; De Paola and Scoppa, 2010 ; Callen et al., 2015). A

nation-wide campaign by a NGO (SHUJAN) in Bangladesh also found that voters considered

education to be one of the most important traits they want in a politician.
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To test whether the education of a politician can translate into high competency and

that could in effect have positive impact on public goods provision, I employ a similar re-

gression discontinuity design. The median years of education of a politician is sixteen years.

Sixteen years of education implies at least a bachelor degree. I have termed politicians with

sixteen or more years of education as highly able politicians, and politicians with lower years

of education than the median are considered low ability politicians. The following graph has

my main indicator of public goods provision: households receiving social safety net programs.

Blue dots represent the average number of households receiving social safety net support in

the upazilas where the chairman is highly able. On the other side, red dots represent the

same variable but for upazilas deemed low ability chairmen. As we can see, there is no

significant difference between the two groups in closely contested upazilas.
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Figure 2.1: Results: whether ability (education) matters for social safety net allocation

Note: Dependent variable: total number of households getting social safety net programs. Scatter plot with
fitted line polynomial order one is shown above.

The following is the result of regression discontinuity with the same setting as above.

We can clearly see that there is no discontinuous jump of the dependent variable at the

cutoff. Running variable is the winning vote margin of the low ability politicians and after

the cutoff shows the winning vote margin of the highly able politicians.
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Figure 2.2: Results: RD plot

Note: Regression discontinuity with a polynomial order of two with dependent variable: total number of

households receiving social safety net programs from 2010 to 2015. On the left of the cutoff 0 are the upazilas

with dishonest upazila chairmen, and on the right of the cutoff 0 are the upazilas with honest chairmen.

Running variable is the winning vote margin of the low ability politicians and after the cutoff shows the

winning vote margin of the highly able politicians.

2.3.2 Honesty and ability: Are they correlated?

Another important aspect is whether ability can predict the honesty of politicians. The

previous two graphs showed that ability is not able to explain the difference between public

goods provision in the upazilas. However, if ability is highly correlated with dishonesty or
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honesty, then my main results could be endogenous. Throughout the paper I have maintained

a binary definition of dishonesty coming from tax evasion. Another way to see the dishonesty

can be to check the asset growth of the politicians. I have shown before that dishonest

politicians are having dis-proportionally more asset growth than honest politicians. The

following scatter has years of education as the measure of ability on the horizontal axis

and asset growth of all the politicians, regardless of honesty on the vertical axis. It clearly

shows that there is no relation between asset growth over the tenure of office and ability, as

measured by education3.

3Same is true if I take just level of Asset to measure degree of dishonesty
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Figure 2.3: Results: no relation between asset growth and ability(education)

Note: The figure above shows correlation between asset growth and ability of the politicians. Correlation is

not statistically different than 0.

More importantly, I want know whether the growth of assets of the dishonest politicians

can be explained by the level of ability of the politicians. The following scatter plot and

local polynomial fit show that there is no evidence that level of dishonesty measured by asset

growth can be attributed to level of ability, as measured by education.
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Figure 2.4: Results: no relation between asset growth (only dishonest) and ability(education)

Note: The figure above shows correlation between asset growth and ability for only the dishonest politicians.

Correlation is not statistically different than 0.

2.4 Occupational differences

Another important characteristic to check between dishonest and honest politicians is

occupation. Is there any category of occupations that dishonest politicians are self-selecting?

The following figure provides evidence that there are not much fundamental differences

between dishonest versus honest winners. The majority of the politicians are involved in

some sort of business activities. Dishonest chairmen are 1% point higher represented in



67

business, and 1% point lower in Agriculture. The differences are not sadistically significant

as well.

Figure 2.5: Occupations divided into three categories: Business, Agriculture and Services

Note: Left panel and right panel show distribution of occupations of honest and dishonest politicians,

respectively. Occupations categories are divided into three major sectors: business, agriculture and service.

There are no statistical differences between occupations of two groups.

2.5 Reelection probability

If politicians are dishonest and harmful for the development of constituents, then we

need to know whether they are punished in terms of votes and winning probability in the

following elections. I follow the winners and runner ups from 2009 and match them with

the results of the 2014 elections. Figure-2.5 shows that there is a 23% probability that an
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incumbent will retain his seat, and an 18% probability that a runner up from 2009 will win

a seat in the 2014 election. It shows that 59% of the time, sub-districts are getting a new

chairman. Figure-2.6 shows the conditional probability from the two dimensions. There is a

25% chance that dishonest chairmen who competed in 2014 will win the election, compared

to a 22% chance for honest winners from 2009. Interestingly, only 7% dishonest winners

compared to 16% honest winners of 2009 are among the total number of elected politicians

in 2014. As a result, if a politician is dishonest, then there is 9% point less likely that a

dishonest winner will regain his seat compared to a honest politician. This shows a very

minimal and low level of punishment for dishonest politicians in terms of re-election.

Figure 2.6: Probability of a candidate from 2009 winning the 2014 election
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Figure 2.7: Probability decomposition of dishonest and honest winners

2.6 Mechanism: Central budget allocation

There are two more potential channels, through which the RD results can be explained.

As mentioned earlier, an upazila executive officer (UNO) is the appointed civil service officer,

and he is in charge of the administrative work related to government funding. If there is

any exogenous difference among the quality of the UNOs and if there placement in upazilas

are correlated with the honesty measure of the chairman, then the RD results could be en-

dogenous. Secondly, if members of parliaments are disproportionally supporting any upazila

chairman, then public goods provision and economic development of those upazilas can be

explained by this channel as well. I do not have any direct measures of UNOs placement

or their qualities, as there is no such data that exists in Bangladesh. The same could be

true, if honest upazilas are getting preferential treatments by the members of parliaments

(MPs) to receive higher central funds. In the case that both of the two arguments are true,
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then we can expect that there will be differential budget allocation and expenditure at the

upazila level. From the Ministry of Finance, I have collected upazila-level budget allocation

and expenditure by the central government. In 2018-19, on average, an upazila received

Taka 11,34,80,000 and spent Taka 10,82,93,000. The following graphs show the distribution

of budget allocation by the central government and expenditure by the upazilas, respectively.

Figure 2.8: Distribution of budget allocation at upazilas in 2018-19
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Figure 2.9: Distribution of expenditure at upazilas in 2018-19

Any analysis using the variables above might induce bias as allocation also depends on

the size of the upazilas. I have used upazila-level population to calculate the per capita

level of allocation and expenditure. I also calculated the percentage of expenditure in terms

of the total allocation of the upazilas. One argument could be that if the ratio is lower in

the upazilas with dishonest politicians, then that might explain the negative effects. The

following shows the result of six regressions. Budget allocation, expenditure, and the ratio

for both 2018 and 2019 are the six dependent variables that I have used to plot the coefficients.
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Figure 2.10: Distribution of expenditure at upazilas in 2018-19

Note: Six coefficients are plotted in the above figure; per capita central allocation, per capita expenditure,

rate of use of central funds in 2018 and 2019. Data taken from Ministry of Finance of Bangladesh.

This plot shows the six coefficients on the dummy variable of upazilas with dishonest

politicians. It is clear from the results that dishonest upazilas are not receiving lower alloca-

tion from the center, nor are they spending less than the honest upazilas. If anything, both

allocation and expenditure are a bit higher on average for the dishonest upazilas.

2.7 Conclusions

Using a small sample survey on upazilas, I further show that on average, upazilas with

dishonest politicians are having less expenditure for development, although having similar

revenues. It is a indication that embezzlement of public funds triggers the negative effects
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on public goods provision. I also provided evidence from the the central budget allocation

that upazilas with dishonest politicians are not treated differently than the other group.

Previous literature talks about education as one of the most important attributes of

politicians. Using education as a proxy of ability, I show that ability is not able to explain

the causal effect on public goods provision. Moreover, ability and honesty are not correlated.

Furthermore, the negative impact is not explained by a difference in the political party or

occupation of the candidates. Another aspect could be a tenure-span for certain candidates

of the election of 2009 and 2014. In Bangladesh, there is no limit on the number of times

a politicians can run for office and govern an upazila. So the possibility of one-time tenure

constraint is not explaining the results.

One could argue that dishonest politicians should not be defined with a dummy variable

that takes a value of 0 or 1. Dishonesty could be defined further by its degree as well. If we

believe that having more wealth and evading income taxes, is a measure of higher degree of

dishonesty, then I find stronger negative effects in public goods provision.

I also conclude that dishonest politicians are not punished by the voters in terms of

re-election probability. Two things can happen here. First, the model predicts that due to

clientelistic behavior, dishonest politicians get some voters’ support back in terms of ballots

in the election. Second, voters might not have all the information needed to know whether

the politician is dishonest, and as a result, voting results do not reflect the dishonesty of

politicians.
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Chapter 3

Balancing Lives and Livelihoods using

Contagion Risk-Based COVID-19

Management for Low-Income

Countries: A Study on Bangladesh

3.1 Introduction

Coronavirus Disease 2019 (COVID-19), a respiratory borne infectious disease, soon be-

came a pandemic, infecting 213 countries and territories worldwide1. COVID-19 is still

spreading rapidly and so far has caused more than three million global deaths. In the ab-

sence of rapid expansion of vaccination, non-pharmaceutical interventions (NPIs) are avail-

able options to the policymakers to contain the virus. NPIs are designed to reduce direct

1This chapter is a joint work with with Abu S. Shonchoy (Florida International University) and Towhid
I. Mahmood (Texas Tech University).
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human-to-human contacts, restraining the spread of the contagion, however, they come with

worrying economic consequences. Researchers have observed higher rates of job loss and

rising unemployment after implementing economy-wide lockdown measures. Thus it is very

important to come up with a balance set of policy measures.

This scenario is dreadful in Low Middle-Income Countries (LMIC), who lack adequate

safety-net measures for the vulnerable population. In the face of widespread poverty, high

self-employment, and a sizeable informal economy – where a significant share of households

live from hand-to-mouth – continuing strict lockdown measures for a long-time could have

adverse consequences, leading to rising poverty and starvation. Moreover, weaker healthcare

systems and inadequate testing capacity make it difficult for local experts to have sufficient

epidemiologic data to detect contagion hotspots for targeted interventions. A recent study by

Alon and co-authors supports this observation by utilizing a modeling study, demonstrating

that blanket lockdowns have limited effectiveness in low-income countries. Given these harsh

realities and challenges, LMICs have prematurely re-opened their economies to reduce the

possibility of starvation and livelihoods interruptions – at the expense of the immediate surge

in the disease caseloads.

Bangladesh is listed among the top fifteen SARS-CoV-2 (COVID-19) effected countries

in the world. However, the country has one of the lowest testing capacities per million in that

group and also vaccination role out is very slow. Faced with growing pressure to continue

livelihoods, Bangladesh government lifted the lockdown abruptly, costing an immediate surge

in the virus caseload. In April 2021, Bangladesh is facing second wave of COVID-19 cases

and the numbers of infected increasing everyday. Against this backdrop, there is a dire

need to derive data-driven planning for mitigation and management of COVID-19 cases in

Bangladesh by prioritizing the efficient allocation of limited resources to the places with high
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probability of getting more cases. Utilizing publicly available and administrative data, this

paper introduces a contagion risk (CR) index, which can work as a credible proxy to detect

potential virus hotspots — aiding policymakers with proper planning.

In this study, we propose an efficient way of managing the virus’s spread while main-

taining economic activities. First, we derive a composite index of COVID-19 contagion

risk (CR-index), grounded on disease spreadability vectors suggested by epidemiologists and

public health experts. This CR-index was constructed with nine variables across five do-

mains: socio-economy, demography, occupation, migration, and health infrastructure. The

set of variables employed in the index is widely available for most developing countries, and

the index construction is computationally straightforward. Second, we validated the pro-

posed CR-index with sub-national (district) level confirmed COVID-19 cases in Bangladesh,

demonstrating the index’s reliability in the face of lacking testing capacity and absence of

quality high-frequency epidemiological data. Third, based on the CR-Index distribution and

percentile ranking, we identified different thresholds and clubbed districts into risky and safe

zones. We recommended zone-specific mobility restriction measures as potential solutions to

strike a balance between restricting disease spread while continuing economic activities for

LMIC countries, such as Bangladesh.

CR-Index is highly correlated with district wise COVID-19 cases across the pandemic

period (average correlation is 0.65, p-value 0.001). With our preffered specifications, we

found that one percent increase in the CR-index predicts a 3.8 percent daily change in the

increase of COVID-19 cases across districts.The proposed CR-Index can predict seven out

of the top ten COVID-19 caseload districts of Bangladesh. The CR-Index proposed in this

paper could work as the foundation to consider zone-specific mobility restriction measures in

Bangladesh, which can be an effective solution to balance economic activities while limiting
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disease spread. Built on the CR-Index distribution and percentile ranking, we identified

different thresholds and clubbed sub-districts into zones for economic activities. We propose

zone-specific mobility restriction measures as potential solutions to strike a balance between

disease spread and continuing economic activities. In particular, we proposed high CR-

Index areas as “red-zone” to hold stricter anti-contagion policies, whereas “orange-zone”

will implement moderate restrictions. On the contrary, areas identified as “green-zone” will

continue regular economic activities, while maintaining appropriate public health measures.

Our proposed zone-specific mobility restriction makes epidemiologic sense since the high

CR-Index areas are facing an elevated COVID-19 reproduction rate (R0). Hence imposing

a strict measure in “red-zone” areas can effectively reduce the R0 below the value of one

– making the zone safer for lifting restrictions in the future[33]. Based on our proposal,

only 15% districts in Bangladesh falls under the red-zone, comprising about 61% of the

current COVID-19 cases. These zone-specific measures will be critical for issues such as

school re-opening, which can accelerate the disease spread if the virus reproduction rate is

not sufficiently reduced in the susceptible zones.

To mitigate the income-loss due to mobility restrictions, we proposed sector and age-

specific compensation package for the vulnerable population in the red-zone, implemented

with some conditionality. For instance, we suggested direct food-voucher or cash handouts

to vulnerable populations such as the elderly, self-employed, and informal sector workers. On

the other hand, government support for the sectoral employed (such as in the manufacturing

or construction industry) will be distributed as partial salary support directly from the

employer. Our proposed compensation package is estimated based on calorie-requirement

to maintain essential nutrition. A simple back-of-an-envelop calculation shows that zone-

specific lockdown for a month will cost about 0.14% of the GDP in Bangladesh. We also
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proposed other suggestive policies for the orange zones (such as partial lockdowns in sensitive

sectors and subsidized training programs for the return migrants) and green zone (capital

injection and cheap credit access to boost farm and non-farm productivity) ensuring food

security and opportunity for skill enhancement.

Some scholars have proposed alternative policy suggestions, such as age-targeted re-

strictions [14, 6] and intermittent lockdowns[46]. We argue that zone-specific anti-contagion

policy, based on CR-Index, is more suitable for developing counties like Bangladesh because

of four reasons. First, most elderly in developing countries reside with their families in small

homes. As a result, protecting seniors through age-specific restriction becomes challenging

and could quickly increase the senior caseload and fatality rates. Second, blanket lockdown

measure — forcing the whole economy to reach a standstill condition — generates a sizable

economic cost. Moreover, low compliance of such countrywide lockdown in LMIC reduces

the efficacy of such broad anti-contagion policies, failing to “flatten-the-curve.” Third, dis-

tributing stimulus package and relief-support during the nationwide lockdown would be ad-

ministratively daunting and financially challenging, which is manageable under zone-specific

restrictions. Finally, the efficacy and compliance of zone-specific mobility restrictions are

more achievable given limited resource and fiscal capacities these economics have.

This index gives developing country planers a viable alternative to economy-wide shut-

down policy and can be replicated with available national statistics for other countries.

To the best of our knowledge, this is the first data-driven composite index of Contagion

Risk, measured at the district level in Bangladesh. This aim of constructing this index is to

create a viable alternative measure to predict contagion hotspots, in the absence of adequate

testing capacity and reliable epidemiologic data. This index is created based on five domains

of virus spreadability vectors, which is highly correlated with district-specific COVID-19
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cases, evaluated at each week over the study period. This paper contributes to creating

susceptibility rakings of districts in Bangladesh, based on which policy planners can plan

efficient mitigation and virus management strategy as well as can prioritize the allocation of

limited resources for efficiency. Although the index proposed in the paper is validated for

Bangladesh, we believe this can also be replicated for other countries with available national

statistics, helping the planers to derive better virus mitigation and management policy.

3.2 Methods

3.2.1 Variable Choice

We utilized various district level data of Bangladesh, sourced from the latest Bangladesh

Labor Force Survey (2016-17), Bangladesh Household Income and Expenditure Survey (2016-

17), Directorate General of Health Services provided health facility records and Institute of

Epidemiology Disease Control And Research provided daily district-wise COVID-19 reports.

The detail sources of data are given in the Appendix.

We have broadly define five domains of variables for the construction of the CR-Index

which are; socio-economy, demography, occupation, migration, and health infrastructure.

Under socio-economy domain we took district level poverty rate of Bangladesh, assessed by

the World Bank. District level poverty rate captures the overall economic condition of a

particular district — demonstrating vulnerability of the people in those districts to follow

lockdown order which may trigger food insecurity. As a consequence, vulnerable population

in those districts will search for livelihoods to survive from hunger, resulting continuing

the spread of the virus. Poor also don’t have the luxury to maintain social distancing,

lack appropriate hand-washing access and limited access to hygienic face-coverings. In the
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demography domain, we chose the variable capturing the population belonging 21-50 years of

age and who are active participants in the labor force (See Appendix B). Based on the IEDCR

report, we noticed that the COVID-19 infection rate is the highest in this group compared

to other age categories. We also include population density in the CR-Index, which is known

to play a crucial factor for COVID -19 spread, as the virus is mainly transmitted through

human-to-human contacts.

Occupational composition of the district could also play a role in COVID-19 transmis-

sion. For example, developing countries like Bangladesh has a large informal sector (both

in rural and urban areas) where continuous search for new income opportunities is required

for survival.2. As a result, we include both informal employment and rural non-farm em-

ployment variables in our index. Similarly, having large industrial cluster and related em-

ployment could play a role in the contagion threat, which has been captured by including

manufacturing sector employment in our index.

Developing countries are also known to have large share of migrant population, for both

domestic and international migration.3. Due to this pandemic and global economy shutdown,

a large share of international migrants went back to their home country, which contributed

to the spreading of the virus. Similarly, domestic migrants face the same consequence, lost

urban sources of income due to lockdown, which forced them to go back to their origin

villages — contributing to the virus diffusion as documented in a couple of recent research

studies.[34, 36]. To capture this, we included both international and domestic migrant num-

bers among the total surveyed households in the CR-Index construction. Finally, hospital

capacity, measured as number of beds available at each district in Bangladesh, for every

million population, has been used — a candidate variable representing the health infras-

2Approximately 71% of the sectoral composition of employment in developing countries are self-employed
compared to 13% in developed countries.[6, 29]

3Bangladesh is the sixth leading country of origin for international migrants.[28]
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tructure domain. Table B.2 in appendix B presents 19 variables that we have considered

to be important predictors of district-wise Covid-19 cases.Out of the 19 variables, we have

used nine according to their individual statistical significance and strength of explaining the

variations in Covid-19 cases.

3.2.2 Contagion Risk (CR) Index Construction

Instead of creating vulnerability index at the sub-national level as done in some recent papers,

[21] our interest is to create a contagion risk index, which is collinear with the COVID-19

cases at the sub-national level and could work as a credible proxy for imposing zone-specific

anti-contagion measures. Using each of the variables, mentioned above, we first created

sub-indices for each using the following formula:

Xindex =
(Xi −min(X))

(max(X)−min(X))
(3.1)

There are a number of ways one can develop such an index, however for simplicity, we

followed the human development index (HDI) construction method of the UNDP for wide

acceptability.[52]. After generating sub-indexes for each domain, we use simple arithmetic

mean to generate the composite CR-index. Formally,

CRindex = [
9∑
j=1

Xj)/n] (3.2)

where, j = 1, 2, ....n

n = 9

Unlike HDI, which uses geometric mean, we used arithmetic mean, given some sub-indexes
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generated zero value (for example some districts did not have any reported international

migration, resulted a score of zero for that sub-index).

3.3 Index Validation

3.3.1 Correlation method

The most crucial aspect of any index is whether it shows a strong correlation with the primary

variable of interest. We validated the index using district-wise COVID-19 time-series data

to test our CR-index’s predicting power, starting from April 15, 2020. We conducted both

week-by-week (for 23 weeks) and day-specific correlation estimations to check the CR-Index

consistency.

3.3.2 Regression method

We run an Ordinary Least Squared (OLS) regression to see whether the statistical validity

of the simple correlation approach remains consistent when we control for district-specific

control. We run the following regression:

log[Casesid] = βiindexd + Zd + εi (3.3)

where, i = April15, April22........., July22

log[Caseeid] is the log of total cases in every week or every day in each district, whereas

indexi is the district-specific CR-index that we have generated. Zi is the district-specific

control, which is the district level population. it is time and districts specific unobservable

that is uncorrelated with the dependent variable.
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3.3.3 Panel regressions

In this estimation setting, we utilized the time-series pattern of the sub-national daily

COVID-19 data by estimating the following set of regressions, the first two on daily reported

COVID-19 cases under OLS and time fixed effect model (equation 3.4 and 3.5 below). Simi-

larly, we estimated the daily changes in the COVID-19 cases and regressed the change against

the CR- Index, day fixed effects, and district controls. Under the setting, equations 5 and

7 are the most conservative specifications, taking care of the time dimension and regional

controls, while equations 3.4 and 3.6 control for the time trend. OLS Model (level):

Log(Cases)it = α + βCRIndexi + γ(t) + εit (3.4)

Time Fixed Effects (FE) Model (level):

Log(Cases)it = α + βCRIndexi + γDayt + ΩPopulationi + εit (3.5)

OLS Model (daily change)

Log((∆(Cases))it = α + βCRIndexi + γ(t) + εit (3.6)

Time Fixed Effects (FE) Model (daily change)

Log((∆(Cases))it = α + βCRIndexi + γDayt + ΩPopulationi + εit (3.7)

In equation (3.4) and (3.6), γ(t) is the time trend controlling for the rise of district specific

rise of covid-19 cases throughout the study time period. The parameter in equation (3.5)
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and (3.7) is the time fixed effect, which is controlling for any time related variation across

each day within the study period for all the districts. εit, in each of the four above equation

is the time and district specific unobservable, which is uncorrelated with the dependent

variable.

One concern about our procedure to develop the CR index is the possible high level of

multicolinearity among the variables that we have used. One way to get around is to use any

method of dimension reduction to address the potential colinearity. Recently using machine

learning algorithm, specifically with deep learning procedure, we can generate weights that

can be assigned to variables. Given that our sample size is very small (only 64 districts),

using deep learning algorithm, which is meant for large data, will not give us any edge

to develop the index. In this regard, principal component analysis (PCA), which is also

another form of synthetic learning using eigenvalues and eigenvactors can be used under this

setting.4 5. We use the same nine variables to construct the principle score of the districts.

This principal scores work as the modified CR index (PCA). We re-run regression three,

substituting the CR index by CR index (PCA).

3.4 Results

A set of nine maps are generated if Figure 3.1, using the sub-indices created for the CR-Index

construction, where district-wise COVID-19 cases have been superimposed on each map. If

policy makers want to focus and prioritize any of the five domains for health and livelihood

4Principal component analysis is appropriate here because we have nine variables and there are a degree of
interdependence among them. PCA will generate a smaller number of artificial variables known as principal
components. These components account for most of the variances among the observed variables. Using the
principal component, we can develop scores for each sample in our data set.

5We follow the standard PCA calculation procedure. Please see
https://academic.oup.com/heapol/article/21/6/459/612115
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related risks, then following maps provide guideline to do it.

Figure 3.1: Poverty, rural non-farm employment and health index for districts in Bangladesh
with confirmed COVID-19 cases till July 22, 2020

Figure 3.2: Population density, vulnerable employment and informal employment index for
districts in Bangladesh with confirmed COVID-19 cases till July 22, 2020
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Figure 3.3: Manufacturing employment, relative risk due to international and relative risk
due to internal migration for districts in Bangladesh with confirmed COVID-19 cases til July
22, 2020

3.4.1 Correlation Estimations

Correlation estimations between the CR-index and district-wise weekly and daily COVID-19

cases are presented in Figure 3.4, panel (a) and (b), respectively. The correlation coefficients

between our CR-index and COVID-19 cases at the beginning is around 0·62 (based on weekly

correlation, reported in panel (a)). One can easily observe a strong consistency in the corre-

lation coefficients (average correlation is 0.61, p-value 0.001) as the week progresses, showing

our index’s validity and reliability. Similarly, the day-wise correlation showed comparable

consistency, as reported in Panel (b) in Figure 3.4, with an average correlation coefficient be-

ing 0.57 (p-value 0.00). Our OLS based covariance estimates also showed reliable results, for

both weekly and daily regressions, reported in Panel (c) and (d) of Figure 3.4. As depicted

in Figure 1, panel (c), the estimated coefficients, in the beginning, were not statistically

significant at the conventional level. However, starting from mid-June, the coefficients be-

came statistically significant with lower error-bars, which remained mostly consistent and

statistically precise.
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Figure 3.4: Panel (a) and (b) show correlation estimations between CR-index and district-
wise weekly and daily reported COVID-19 cases, respectively. Panel (c) and (d) report
the OLS regression coefficients, and confidence intervals between CR-index and district-wise
weekly and daily reported COVID-19 cases, respectively. A few data updating errors by the
IEDCR caused a sudden drop in the estimation, which was corrected in the reported data
of later weeks.

3.4.2 Time-series panel regression estimations

The OLS and FE models’ estimates are reported in Table 3.1, where our parameter of

interest is . Column (1) in Table 3.1 reports that is 8.487, with a p-value close to zero. This

coefficient demonstrates that a one percent increase in the CR-index, relative to the district-

wise mean, is associated with an 8.487 percent increase in the number of positive COVID

cases, controlling for time trend. The level fixed effects model (equation 5, reported in

column (2) of Table 3.1) shows that a one-unit increase of CR-index is associated with a 3.835

percent increase in the number of positive COVID cases, net of day and district controls. The
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reported high R-square for both these specifications demonstrate strong goodness of fit for

the models. Similarly, in column (3) and (4), we reported the daily change in the COVID-19

cases under the OLS and FE specifications, which shows a strong positive association with

CR-Index with p-values close to zero. The estimate reported in column (4) indicates that a

one percent increase in the CR-index predicts a 3.828 percent daily change in the increase

of COVID-19 cases across districts.
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Table 3.1: Regression estimates of the OLS and Fixed effect models, using COVID-19 cases of
Bangladesh from April 1,2020 to January 4, 2021

OLS FE OLS FE

VARIABLES
Log (Covid-19

Cases)

Log (Covid-19

Cases)

Log (Daily Change

in Cases)

Log (Daily Change

in Cases)

CR Index 8.487*** 3.835*** 8.571*** 3.828***

(0.203) (0.256) (0.347) (0.518)

Constant -0.614*** 4.914*** -0.893*** 0.573***

(0.184) (0.0418) (0.212) (0.0896)

Time Fixed Effect (Daily) No Yes No Yes

Time Trend Yes No Yes No

District Specific Control No Yes No Yes

Observations 2,299 2,299 1,063 1,063

R-squared 0.856 0.880 0.569 0.606

Robust standard errors in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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3.4.3 Contagion Zoning

Using the CR-index score distribution, we divided 64 districts of Bangladesh into three

zones - Red, Orange, and Green. Districts that fall in the 90th percentile and above of

the distribution are considered in the red zone. These districts are almost one standard

deviation away from the mean CR-Index score of 0·245. Districts that fall within the 25th

(mean) percentile to 90th percentile are considered in the orange zone category. All the

districts below the 25th percentile are in the green zone. Figure 3.5, panel (a) shows the

three zones’ spatial distribution, as we can see that it does not follow any regional patterns.

In Figure 3.5, Panel (b), we have superimposed district-wise latest COVID-19 positive cases

on the Bangladesh map. The map is self-explanatory, and it shows that the proposed index is

identifying vulnerable districts robustly. Figure 3.5, panel (c) shows the CR-Index histogram

and kernel-density plot of the distribution. Table B.4 in appendix B has the list of all the

districts of Bangladesh distributed among these proposed three zones, with district-specific

CR-index score and COVID-19 cases (as a % of total reported cases).

Figure 3.5: Panel (a) shows zoning by contagion risk index for districts in Bangladesh. Panel
(b) shows a similar map as panel (a) with superimposed COVID-19 confirmed cases on July
22. Panel (c) shows the distribution of index score and zoning with the distribution curve.
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3.5 Discussion

Data-driven mitigation planning and management are crucial for resource-constrained coun-

tries – ensuring the best use of their limited resources. In the absence of adequate and regular

epidemiologic data, it is difficult for the planers to derive the right policy response to contain

the virus’s spread and formulate a targeted resource distribution plan. Scholars have also

noticed the challenge in achieving a satisfactory compliance rate from a blanket lockdown,

deployed in developing countries, due to high reliance on the informal sector. Bangladesh

has reported an income drop of 62-75% and a consumption drop of 28% within the first two

months of the disease onset, raising concerns on prolonged lockdown measures.

This paper developed a sub-national level contagion-risk index, which can work as an

alternative measure to detect potential virus hotspots in the absence of appropriate and

quality daily epidemiologic data. Our proposed CR-index is positively correlated with the

district level COVID-19 reported in Bangladesh, and this estimate is robustly consistent

across the time period of this study. Most importantly, our index can predict seven out of

the top ten COVID-19 caseload districts of Bangladesh, signifying our index’s validity, as

depicted in Figure 3 below. The variables employed in the CR-index construction have high

reliability of 0·81, measured by Chronbach’s alpha.

Built on the CR-Index, we propose zone-specific mobility restriction measures as po-

tential solutions to the balance between disease spread and continuing economic activities,

especially for the next wave and future pandemics. In particular, we proposed high CR-Index

areas as ”red-zone” to hold stricter anti-contagion policies when needed, whereas ”orange-

zone” will implement moderate restrictions. On the contrary, areas identified as ”green-zone”

can safely continue regular economic activities. Our proposed zone-specific mobility restric-



92

tion makes epidemiologic sense, as the high CR-Index areas are incredibly susceptible to face

an elevated COVID-19 reproduction rate (R0). When needed, imposing a strict measure can

effectively reduce the R0 below the value of one – helping the zone become safer for lifting

restrictions. Based on our recommendation, only 15% of sub-districts in Bangladesh fall un-

der the red-zone, comprising about 60% of the current COVID-19 cases. These zone-specific

measures will be critical for decisions such as school re-opening, which can accelerate the

disease spread if the virus reproduction rate is not sufficiently reduced in the susceptible

zones. At the end of the appendix B, we discuss in detail of the possible cost of lock-down of

the ′red-zone′ districts. We present the cost and the possible stimulus packages government

needs to provide for manufacturing, construction, wholesale, transportation, own production

and others industry. We present the cost for each district in ′red-zone′ for one month.
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Table 3.2: Distribution of Districts according to CR-Index and COVID-19 cases on January 21,
2021

Red Zone Index

% of

Actual

Cases

Orange Zone Index

% of

Actual

Cases

Green Zone Index

% of

Actual

Cases

Dhaka 0.67 60.42 Noakhali 0.31 1.06 Patuakhali 0.21 0.32

Comilla 0.51 1.70 Gaibandha 0.3 0.27 Bagerhat 0.21 0.20

Chattogram 0.49 5.44 Sirajganj 0.3 0.48 Jamalpur 0.2 0.34

Gazipur 0.43 1.29 Manikganj 0.29 0.33 Magura 0.2 0.20

Barishal 0.4 0.88 Chandpur 0.28 0.50 Sherpur 0.2 0.10

Rangpur 0.4 0.74 Tangail 0.27 0.70 Munshigonj 0.2 0.82

Narayanganj 0.37 1.60 Kishoreganj 0.26 0.65 Pabna 0.2 0.30

Sylhet 0.35 1.71 Brahmanbaria 0.25 0.53 Chuadanga 0.2 0.31

Khulna 0.35 1.36 Feni 0.25 0.42 Faridpur 0.19 1.54

Rajshahi 0.35 1.10 Bogura 0.25 1.79 Kushtia 0.19 0.72

·· 0.52 Satkhira 0.19 0.22

·· ·· ·· Hobiganj 0.24 0.37 Lalmonirhat 0.18 0.18

·· ·· ·· Jessore 0.24 0.88 Cox’s bazar 0.18 1.08

·· ·· ·· Sunamganj 0.24 0.48 Panchagar 0.18 0.15

·· ·· ·· Shariatpur 0.24 0.36 Jhalokathi 0.18 0.16

·· ·· ·· Dinajpur 0.23 0.83 Nilphamari 0.18 0.25

·· ·· ·· Mymensingh 0.23 0.83 Jhenaidah 0.17 0.43

·· ·· ·· Kurigram 0.23 0.19 Gopalganj 0.17 0.57

·· ·· ·· Naogaon 0.23 0.29 Bhola 0.17 0.18

·· ·· ·· Laksmipur 0.23 0.44 Thakurgaon 0.17 0.28
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·· ·· ··
Chapai-

nawabganj
0.23 0.16 Natore 0.16 0.22

·· ·· ·· Maulvibazar 0.22 0.36 Khagrachari 0.16 0.15

·· ·· ·· Pirojpur 0.22 0.22 Barguna 0.15 0.19

·· ·· ·· Rajbari 0.22 0.65 Rangamati 0.15 0.21

·· ·· ·· Madaripur 0.22 0.31 Narail 0.13 0.29

·· ·· ·· Netrokona 0.21 0.16 Joypurhat 0.13 0.24

·· ·· ·· ·· ·· ·· Bandarban 0.13 0.17

·· ·· ·· ·· ·· ·· Meherpur 0.13 0.14

Total 76.25 ·· 13.77 ·· 9.98
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Appendix A

Figure A.1: Administrative geography of Bangladesh
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Figure A.2: Example of Affidavit form
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Figure A.3: Example of Tax Return Form
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Table A.1: Ranking of Upazilas: Public Goods Index of 2015-2019

Top 20 Upazilas Bottom 20 Upazilas

Rank Upazila District Rank Upazila District

1 Parbotipur Dinajpur 461 Kalukhali Rajbari

2 Kaliganj Gazipur 462 Kanaighat Sylhet

3 Gongachora Rangpur 463 Kurigram Sador Kurigram

4 Debhata Shatkhira 464 Chhagalnaiya Feni

5 Chauddagram Comilla 465 Tetulia Panchogor

6 Shibganj Bogra 466 JhalokatiSadar Jhalkathi

7 Meghna Comilla 467 Bijoynagar Baramonbaria

8 Babuganj Barisal 468 Narayanganj Sador Narayanganj

9 Sariyakandhi Bogra 469 Bandarbon Sador Bandarbon

10 Kaliganj Gazipur 470 Chouhali Shirajganj

11 Shibganj Bogra 471 Ashuganj Baramonbaria

12 Rupganj Narayanganj 472 Sayedpur Nilphamari

13 Dakup Khulna 473 Khagrachori Sador Khagrachori

14 Savar Dhaka 474 MunshiganjSadar Munshiganj

15 Pirganj Rangpur 475 Saltha Faridpur

16 Kaliganj Gazipur 476 Pekuya Cox’s Bazar

17 Bondor Narayanganj 477 Dhokkhin Surma Sylhet

18 Nawabganj Dhaka 478 Cox’s Bazar Sador Cox’s Bazar

19 Kaliganj Gazipur 479 RangamatiSadar Rangamati

20 Baliadangi Thakurgao 480 Thanci Bandarbon
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Figure A.4: Results: Coefficients values of growth of roads of upazilas with dishonest politi-
cians

Note: All coefficients show consistent negative growth
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Appendix B

Choice of Indicators

Here we explain the rationale behind choosing the indicators by domain in detail for our

COVID -19 Contagion Risk Index. The detail of the units used are attached along with

source of data in appendix, Table B.1.

Socioeconomic Indicator

Aims of Domain and Rationale: Densely populated communities are prone to suscepti-

bility and contagion risk to diseases like COVID - 19 since it is hard for them to maintain

social distance as well as proper hygiene.[51] It is quintessential to understand the contagion

risk due to COVID - 19 to understand the impact on the labor market. In fact, the most

vulnerable or susceptible to such diseases are the ones who have the ability as well as reasons

to be mobilte is the highest among older age group(65+) (See Appendix B, Figure 6), such

age group is not as mobile as the one who are in younger age group cohort (21-50). We also

know that about 86.2 [33] of the total labor force are employed informally in Bangladesh. As

figure B.1 in appendix B shows, the working age population is heavily concentrated around

the age between 21-50, it will not be wrong to anticipate that, such population is employed in
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heavily in the informal industry. It is already established that vulnerability does not only de-

pend on the susceptibility of the population, it is also an outcome of the policy response.[49]

As mentioned above, most of the active labor have no other choice but to go out there due

to a lack of unique policy response to a pandemic like COVID-19 and those who are heavy

in number are between the age group of 21-50.

Indicators Used: We used the population density per kilometer for each district and vul-

nerable age employment data was collected for each district as well.

Source of Data: We collected data on Population density from Population Census 2011,

Bangladesh Bureau of Statistics. Data on vulnerable age employment is collected from QLFS

2016-17.

Demographic Indicator

Aims of Domain and Rationale: Poverty in any situation is needlessly an impediment

to find solutions to problems. At present we can see that the susceptibility to COVID-19

increases even more for households under the poverty line. It is a common understanding

that there is a positive relationship between disaster and poverty.[49] This is mostly due to

the lack of resources to handle such disastrous situations. Also, the type of work that people

living under the poverty line has to do doesn’t allow them to stay at home for a longer period

of time [51]. For this, under the threat of a pandemic like COVID - 19, poorer cohorts face

more contagion risk than any other class of income.

Indicators Used We used poverty rate for each district as an important element in our

COVID - 19 Contagion Risk Index.

Source of Data Poverty Rate for each district is extracted from World Bank’s Bangladesh

Poverty Assessment report.[33]
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Employment Indicator

Aims of Domain and Rationale: It is also important to understand the link between

types of employment and contagion risk to pandemic like COVID-19. As mentioned in the

Demographic Indicator section, most of the employment in Bangladesh is in the informal

sector. It is quite obvious that such labor force does not have the luxury to stay at home

to maintain social distancing. [49] This makes both the worker as well as their children and

household members vulnerable to diseases like COVID - 19. We also know that, Bangladesh’s

export performance heavily depend on the manufacturing sector. A large share of the work-

ers work in the manufacturing sector. From the beginning of the pandemic, due to a huge

loss in export orders, such sector has been faced with a lot of challenges. Notwithstanding

the worst outcome, the manufacturing sector had to continue production at the cost of high

risk to support the workers. [14]. It is also prevalent that the working conditions in such in-

dustires are not ready to maintain health instructions to avoid contagion risk due to smaller

spaces and density of labor in factories. Although there are commitments from aid providers

like IMF [6], ADB [46] and The World Bank [14] to provide with loans to support the sector,

it is not a pragmatic solution in the long run. For that, workers in the Manufacturing sector

will remain vulnerable to a pandamic like COVID-19.

Rural non-farm informal employment has been a dominant sector to provide with employ-

ment to a larger portion of rural labor force [29]. Most of such employment is in the service

sector as well as informal in nature. For this, such employment is prone to the contagion

risk to COVID - 19.

Indicators Used: Informal employment, manufacturing employment and rural non-farm

informal employment for each district is used to construct indicators.

Source of Data Data on all three indicators are collected from QLFS 2016-17.
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Migration Indicator

Aims of Domain and Rationale Both internal and international migration played a

significant role in spreading COVID - 19 if not the only reason in the beginning of the

pandemic.[34, 36] At the brisk of COVID - 19 spread worldwide, like many other countries,

a good number of Bangladeshi expatriates came back to Bangladesh from countries where the

contagion risk was higher. We also have a huge number of manufacturing workers working in

major cities who went back to their home districts as general holidays were announced. For

that, both internal and international migration plays significant role in increasing contagion

risk in Bangladesh.

Indicators Used Data on international migration and internal migration at the household

level is used in constructing the COVID - 19 CR index.

Source of Data Data on international migration is collected from HIES, BBS, 2016 and

data on internal migration is collected from QLFS, BBS, 2016-17.

Health Indicator

Aims of Domain and Rationale In a pandemic like COVID - 19, health facilities in any

country plays a vital role in offsetting the effect of such pandemic. In a densely populated

country like Bangladesh, public health facilities are scarce and can’t support the influx of

infected patients for a longer period of time. [28] For this, the inclusion of health facility

indicator is necessary to construct a robust COVID - 19 contagion risk Index.

Indicators Used Beds per million population in each district is used for COVID - 19 conta-

gion risk indicator. Since more beds per million population is better, the number is reversed

to make it compatible with other indicators in the index. More detail is provided in the

methodology section.



112

Source of Data Data is collected from Directorate General of Health Services(DGHS),

Ministry of Family Welfare, Bangladesh.
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Variable Description Source of Data

Demographic

Population Density
Population per square kilometer

in the district

Bangladesh Population Census

2011, Bangladesh Bureau of

Statistics

Vulnerable Age Employment

Number of sample indicated as in

vulnerable age (21-50) & employed

in the district

Quarterly Labor Force Survey

2016-17, Bangladesh Bureau of

Statistics

Socio-economic

Poverty Rate
Upper Poverty Rate calculated

from household income and expenditure

Bangladesh Poverty Assessment,

World Bank 2019

Employment

Informal employment
Number of sample indicated as

informally employed in the district

Quarterly Labor Force Survey

2016-17, Bangladesh Bureau

of Statistics

Manufacturing employment
Number of sample indicated as

employed in manufacturing in the district

Quarterly Labor Force Survey

2016-17, Bangladesh Bureau of

Statistics

Rural non-farm informal employment

Number of sample indicated as informally

employed in rural and non-farm activities

in the district

Quarterly Labor Force Survey

2016-17, Bangladesh Bureau of

Statistics

Migration

International migration
Number of sample indicated as international

migrant in the district

Household Income and Expenditure

Survey 2016-17, Bangladesh Bureau

of Statistics

Internal migration
Number of sample indicated as internal

migrant in the district

Household Income and Expenditure

Survey 2016-17, Bangladesh Bureau

of Statistics

Health

Beds Per Million Population
Number of beds available per million

population in district

Directorate General of Health

Services, Ministry of Health,

Bangladesh

Other Data
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COVID-19 cases Number of COVID-19 cases in district

Institute of Epidemiology,

Disease Control and Research,

Bangladesh

Table B.1: Domains of contagion risk, variables within and source of Data
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Table B.2: Variable Choice Rationale

Variables Coefficient Std. Error Constant Std. Error - Constant R-squared Unit Selection Domain

Upper Poverty Line -2.564* -1.357 2.137*** -0.46 0.074 Mean percentage of Population Yes Demographic

Lower Poverty Line -2.783 -1.692 1.851*** -0.359 0.049 Mean percentage of Population No Demographic

Manufacturing Labor 0.00125*** -0.000258 2.547*** -0.164 0.36 Sample for district Yes Employment

Manufacturing Labor (High-risk Aged 60>) 0.0418* -0.0234 2.584*** -0.242 0.09 Sample for district No Employment

Informal Employment 0.000397*** -0.000128 0.501 -0.313 0.204 Sample for district Yes Employment

Total Employment 0.000310*** -0.000102 0.552* -0.305 0.2 Sample for district No Employment

Formal Employment 0.00113** -0.00048 0.872*** -0.248 0.151 Sample for district No Employment

Rural Non-farm Informal Employment 0.000476*** -0.000148 0.720*** -0.245 0.203 Sample for district Yes Employment

Rural Non-farm Informal Employment (Highrisk Aged 60>) 0.000495*** -0.000168 0.796*** -0.237 0.193 Sample for district No Employment

Beds/Million Population -0.00430*** -0.00139 4.049*** -0.401 0.165 (Actual Number/Actual Population)*10ˆ6 Yes Health

Ambulance/Million Population 0.071 -0.045 2.284*** -0.492 0.075 (Actual Number/Actual Population)*10ˆ7 No Health

Internal Migration Risk 6.244** -2.747 0.573 -0.388 0.08 Sample for district Yes Migration

International Migration Risk 1.113** -0.522 5.008*** -0.189 0.03 Sample for district Yes Migration

Rural Non-farm Informal Employment (Vulnerable, Age 21-50) 0.000238*** -7.34E-05 0.586** -0.27 0.219 Sample for district No Socioeconomic

Vulnerable Employment 0.000134*** -4.08E-05 0.563** -0.273 0.221 Sample for district Yes Socioeconomic

Vulnearbale Employment (Formal) 0.000270*** -8.20E-05 0.565** -0.273 0.221 Sample for district No Socioeconomic

Vulnearbale Employment (Informal) 0.000267*** -8.13E-05 0.561** -0.274 0.221 Sample for district No Socioeconomic

Population (2011) 4.97e-07*** -5.53E-08 0.349* -0.188 0.313 Total for district No Socioeconomic

Population Density /km 0.000818*** -0.000139 0.448** -0.183 0.412 Population per square kilometer Yes Socioeconomic
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Demographics

Figure B.1: Panel (a) shows population distribution by age group in Bangladesh. Panel (b)
% share of confirmed cases by age group. Panel (c) shows % share of death from COVID-19
by age group.
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Summary statistics, Indices and Index Scores

Variables N Mean SD Maximum Minimum Units of Measure

COVID-19 Cases (till July 22) 64 2254.391 5423.144 52083 126 Total Number

Internal Migration 64 28.766 25.988 123 1 Sample for District

International Migration 64 59.094 59.792 247 1 Sample for District

Manufacturing Labor 64 407.531 670.37 3509 40 Sample for District

Informal Employment 64 2345.734 1648.757 8696 643 Sample for District

Rural Non-farm Informal Employment 64 1496.406 1371.906 7660 298 Sample for District

Vulnerable Employment (Age 21-50) 64 6472.203 5080.601 25398 3086 Sample for District

Beds Per Million Population 64 230.8 131.642 747.88 17.893 (Number/Population)*106

Upper Poverty Measure 64 .275 .153 .71 .03 Mean percentage of population

Population Density 64 1201.859 1136.533 8707 92 Population per square kilometer

Table B.3: Summary statistics

District Index1 Index2 Index3 Index4 Index5 Index6 Index7 Index8 Index9 Index10

Bagerhat 0.31 0.52 0.09 0.05 0.05 0.11 0.05 0.04 0.63 0.21

Bandarban 0.63 0.02 0.03 0.03 0.14 0.05 0.03 0.00 0.25 0.13

Barguna 0.26 0.10 0.20 0.01 0.08 0.06 0.03 0.05 0.59 0.15

Barisal 0.27 0.43 0.18 0.25 0.54 0.52 0.58 0.09 0.76 0.40

Bhola 0.15 0.20 0.08 0.03 0.08 0.11 0.05 0.05 0.75 0.17

Bogra 0.27 0.16 0.10 0.13 0.34 0.20 0.19 0.13 0.71 0.25

Brahmanbaria 0.10 0.50 0.63 0.01 0.05 0.04 0.01 0.17 0.79 0.25

Nawabganj 0.40 0.27 0.14 0.04 0.13 0.06 0.05 0.11 0.84 0.23

Chandpur 0.29 0.39 0.77 0.03 0.10 0.08 0.01 0.16 0.71 0.28

Chittagong 0.14 0.09 0.22 0.61 0.81 0.66 0.81 0.17 0.87 0.49

Chuadanga 0.32 0.16 0.16 0.04 0.08 0.08 0.04 0.11 0.77 0.20

Comilla 0.17 0.47 0.95 0.17 0.58 0.46 0.66 0.20 0.88 0.51

Cox’s Bazar 0.14 0.08 0.38 0.05 0.11 0.07 0.03 0.10 0.69 0.18

Dhaka 0.10 0.00 0.06 0.91 1.00 1.00 1.00 1.00 1.00 0.67

Dinajpur 0.64 0.01 0.01 0.04 0.24 0.16 0.22 0.10 0.69 0.23

Faridpur 0.08 0.19 0.37 0.03 0.13 0.09 0.03 0.10 0.71 0.19

Feni 0.08 0.16 1.00 0.05 0.14 0.10 0.03 0.18 0.55 0.25

Gaibandah 0.47 0.57 0.05 0.06 0.27 0.15 0.16 0.12 0.85 0.30
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District Index1 Index2 Index3 Index4 Index5 Index6 Index7 Index8 Index9 Index10

Gazipur 0.07 0.00 0.05 1.00 0.70 0.36 0.57 0.22 0.91 0.43

Gopalganj 0.30 0.38 0.12 0.00 0.01 0.05 0.01 0.09 0.56 0.17

Habiganj 0.13 0.12 0.32 0.07 0.20 0.21 0.23 0.09 0.79 0.24

Jamalpur 0.53 0.12 0.10 0.04 0.12 0.06 0.03 0.13 0.72 0.20

Jessore 0.27 0.10 0.15 0.07 0.29 0.18 0.19 0.12 0.79 0.24

Jhalokati 0.22 1.00 0.26 0.00 0.00 0.03 0.00 0.10 0.00 0.18

Jhenaidah 0.27 0.07 0.11 0.02 0.08 0.05 0.03 0.10 0.84 0.17

Joypurhat 0.21 0.07 0.07 0.02 0.14 0.07 0.03 0.11 0.48 0.13

Khagrachhari 0.53 0.03 0.06 0.05 0.17 0.08 0.04 0.02 0.46 0.16

Khulna 0.31 0.07 0.07 0.29 0.54 0.56 0.58 0.05 0.71 0.35

Kishoreganj 0.54 0.58 0.24 0.03 0.07 0.05 0.03 0.12 0.66 0.26

Kurigram 0.71 0.19 0.01 0.10 0.10 0.07 0.05 0.10 0.77 0.23

Kushtia 0.18 0.16 0.21 0.05 0.16 0.10 0.04 0.14 0.69 0.19

Lakshmipur 0.33 0.12 0.49 0.02 0.06 0.06 0.01 0.14 0.83 0.23

Lalmonirhat 0.42 0.12 0.02 0.04 0.13 0.08 0.03 0.11 0.72 0.19

Madaripur 0.04 0.35 0.47 0.03 0.11 0.08 0.02 0.11 0.73 0.22

Magura 0.57 0.11 0.14 0.02 0.05 0.07 0.02 0.10 0.72 0.20

Manikganj 0.31 0.59 0.58 0.05 0.06 0.06 0.03 0.11 0.83 0.29

Maulvibazar 0.11 0.12 0.45 0.03 0.12 0.07 0.05 0.07 1.00 0.22

Meherpur 0.32 0.13 0.32 0.01 0.13 0.05 0.01 0.10 0.08 0.13

Munshiganj 0.03 0.12 0.62 0.04 0.05 0.07 0.02 0.17 0.67 0.20

Mymensingh 0.22 0.07 0.07 0.11 0.27 0.17 0.17 0.13 0.90 0.23

Naogaon 0.32 0.12 0.12 0.07 0.32 0.15 0.19 0.08 0.71 0.23

Narail 0.17 0.04 0.11 0.02 0.11 0.03 0.02 0.08 0.63 0.14

Narayanganj 0.03 0.03 0.21 0.65 0.41 0.28 0.41 0.51 0.77 0.37

Narsingdi 0.10 0.23 0.58 0.07 0.07 0.07 0.02 0.23 0.85 0.25

Natore 0.24 0.04 0.05 0.03 0.11 0.07 0.03 0.10 0.78 0.16

Netrokona 0.34 0.43 0.06 0.04 0.15 0.07 0.04 0.09 0.70 0.21

Nilphamari 0.32 0.01 0.03 0.04 0.16 0.08 0.04 0.13 0.80 0.18

Noakhali 0.23 0.64 0.72 0.06 0.11 0.11 0.05 0.09 0.77 0.31

Pabna 0.33 0.13 0.11 0.10 0.14 0.07 0.05 0.12 0.72 0.20

Panchagarh 0.26 0.27 0.01 0.06 0.17 0.11 0.06 0.08 0.61 0.18

Patuakhali 0.37 0.67 0.02 0.01 0.06 0.07 0.03 0.05 0.58 0.21

Pirojpur 0.32 0.59 0.17 0.02 0.05 0.07 0.01 0.09 0.67 0.22

Rajbari 0.34 0.29 0.19 0.03 0.17 0.09 0.05 0.10 0.72 0.22
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District Index1 Index2 Index3 Index4 Index5 Index6 Index7 Index8 Index9 Index10

Rajshahi 0.20 0.12 0.00 0.15 0.64 0.53 0.58 0.12 0.83 0.35

Rangamati 0.29 0.34 0.14 0.00 0.15 0.00 0.03 0.00 0.40 0.15

Rangpur 0.44 0.16 0.02 0.18 0.62 0.55 0.58 0.14 0.89 0.40

Sirajganj 0.30 0.08 0.09 0.28 0.31 0.21 0.23 0.31 0.89 0.30

Satkhira 0.19 0.21 0.16 0.06 0.10 0.11 0.03 0.05 0.80 0.19

Shariatpur 0.16 0.62 0.62 0.02 0.05 0.07 0.01 0.09 0.48 0.24

Sherpur 0.41 0.27 0.02 0.04 0.14 0.07 0.01 0.06 0.77 0.20

Sunamganj 0.26 0.07 0.26 0.04 0.29 0.21 0.26 0.07 0.70 0.24

Sylhet 0.13 0.03 0.56 0.05 0.32 0.50 0.59 0.11 0.89 0.35

Tangail 0.19 0.10 0.44 0.12 0.32 0.22 0.19 0.12 0.76 0.27

Thakurgaon 0.23 0.13 0.03 0.02 0.15 0.06 0.05 0.08 0.72 0.17

Table B.4: Score for CR index and sub-indices.
Here, Index1 = Poverty Index, Index2 = Internal Migration Index, Index 3 = International
Migration Index, Index4 = Manufacturing Labor Index, Index5 = Informal Employment
Index, Index6 = Rural Non-farm Employment Index, Index7 = Vulnerable Employment
Index, Index8 = Population Density Index, Index9 = Health Index, Index10 = CR Index
Note: No specific order is followed in presenting the index scores
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Cost of Lockdown for A Month

We have used the following simple method to come up with the stimulus package needed for the vulnerable

industries in the red zone districts. First we need to find the total population in district ′d′ employed in

industry ′j′. We have used the population census of 2011 for district specific total population. Using the

QLFS (2016-17), we calculated the share of employment in district ′d′ in industry ′j′.

PopulationSharejd = [
noofemplyedjd

Totallaborforcejd
∗ TotalPopulationd] (B.1)

Equation above gives us the the total population working at in district ′d′ employed in industry ′j′. Next

we use the recent World Bank paper (please cite) to use the subsistence level cost of food and non-food

expenditure per month per-capita (individual ′i′). We adjust the costs for the inflation of the last few years.

We have used both total expenditure (food and non-food) and only food expenditure as the upper and lower

bound costs of the package, respectively. Assuming a scenario of complete lock-down in a red zone district,

the following equation gives us the total cost government needs to bear for a one month lock-down in district

′d′ for industry ′j′.

Costjd = Costi ∗ PopulationSharejd (B.2)

Using the above variable, we have given the range of total cost for the government for our proposed stimulus

package.

Costtotal =

5∑
j=1

10∑
d=1

Costjd (B.3)

Using the three equations we have calculated the cost of shutting down the red zone districts for a month in

billion Bangladeshi Taka (BDT). In appendix-B, Figures B.2-B.4 represent red zone districts’ industry-wise

cost of the lockdown. Figure-B.5 represents the aggregate cost of each district and figure-B.6 shows the

aggregate cost by industry, respectively. A total cost of 44.28 billion is estimated as the cost of lockdown for

one month from our analysis. Estimated allocation for the ADP for 2020-21 is BDT 2051.45 Billion (Resources

for Annual Development Programme. Web Link: shorturl.at/rwyGT). Thus our proposed stimulus package

for food and non-food items will be confined to merely 2% of total ADP allocation. And this should go

even further low if we consider only the food cost in lockdown (BDT 21.31 billion) . In terms of GDP, the

estimated GDP for 2020 is BDT 29534 Billion (International Monetary Fund. Web Link: shorturl.at/hyST2)
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and our estimated stimulus package for a month is only 0.14 % of the estimated GDP.

Figure B.2: Cost of lockdown for one month by industry in Barishal, Chittagong, Comilla
and Dhaka
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Figure B.3: Cost of lockdown for one month by industry in Khulna, Narayanganj, Rajshahi
and Rangpur

Figure B.4: Cost of lockdown for one month by industry in Gazipur and Sylhet
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Figure B.5: Total cost of lockdown for one month for red zone districts
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Figure B.6: Total cost of lockdown for one month for red zone industries
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