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Centre for Policy Dialogue (CPD) was established in 1993 as a civil society initiative to promote an
ongoing dialogue between the principle partners in the decision-making and implementing process. Over
the past 29 years, the Centre has emerged as a globally reputed independent think tank, with local roots
and global reach.

A key area of CPD’s activism is to organise dialogues to address developmental policy issues that are
critical to national, regional and global interests, with a view to seeking constructive solutions from major
stakeholders. The other key area of CPD’s activities is to undertake research programmes on current and
strategic issues.

CPD’s research programmes are both serviced by and intended to serve, as inputs for particular dialogues
organised by the Centre throughout the year. Major research themes are: macroeconomic performance
analysis; poverty and inequality; agriculture; trade; regional cooperation and global integration; infrastructure;
employment, and enterprise development; climate change and environment; development governance;
policies and institutions, and the 2030 Agenda for Sustainable Development.

As a continuation of its work, CPD has collaborated with various eminent networks, i.e., World Economic
Forum (WEF), South Asia Economic Summit (SAES), Bangladesh, China, India and Myanmar (BCIM) Forum,
South Asia Centre for Policy Studies (SACEPS), etc. CPD hosts the secretariat of the LDC IV Monitor, an
independent global partnership for monitoring the outcome of the Fourth UN Conference on the LDCs.
CPD was also the initial convener and founding host of the Southern Voice on Post-MDGs, a network of
50 think tanks from Africa, Asia and Latin America. CPD was the Secretariat of Southern Voice during
January 2013—June 2019. At the national level, CPD hosts the Secretariat of the Citizen’s Platform for SDGs,
Bangladesh, a civil society initiative that includes more than 100 Partner organisations, founded with an
objective to contribute to the delivery and implementation of the Sustainable Development Goals (SDGs).
In recognition of its track record in research, dialogue and policy influencing, CPD has been selected as an
awardee of the Think Tank Initiative (TTI) for two consecutive terms.

Dissemination of information and knowledge on critical developmental issues is another important
component of CPD’s activities. Pursuant to this, CPD maintains an active publication programme, both in
Bangla and in English. As part of its dissemination programme, CPD has been bringing out CPD Working
Paper Series on a regular basis. Research work in progress, background papers of dialogues, investigative
reports and results of perception surveys which relate to issues of high public interest are published under
this series.

The present paper titled Climate Change in Bangladesh: Exploring the Past and Potential Future Impacts
has been authored by Dr Fahmida Khatun, Executive Director, CPD (fahmida@cpd.org.bd) and Mr Syed
Yusuf Saadat, Research Fellow, CPD (saadat@cpd.org.bd).

Series Editor: Dr Fahmida Khatun, Executive Director, CPD.






Abstract

Bangladesh is at the frontline of the battle against climate change, which directly threatens the economic
development prospects of the country. This paper utilises expectation maximisation algorithms and
autoregressive integrated moving average models to predict the state of climate change indicators for Bangladesh
in the near future. The findings from the forecasts show that in the business-as-usual scenario, annual average
temperatures will increase by 0.95 per cent year-on-year, greenhouse gas emissions will increase 5.17 per cent
year-on-year, and a total of 30,366,230 households will be affected by climate change in Bangladesh in 2030.
Therefore, anthropogenic climate change is increasing the probability of natural disasters which have grave
consequences for Bangladesh. Hence, the gulf between the rhetoric and reality of climate change needs to be
narrowed down urgently. A number of policy measures are recommended to tackle the risks of climate change
in Bangladesh.
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1. INTRODUCTION

Since the South Asia shares a substantive portion of the global poor, the region plays a pivotal role
in the success—or lack thereof—of the implementation of the Sustainable Development Goals
(SDGs) in the world. In this respect, Bangladesh has a major role to play in view of its standout
growth in recent years. However, as a low-lying delta country of South Asia, Bangladesh bears
the brunt of climate change—posing an overall threat to the country’s progress—due to its
geographical location, land characteristics, riverine nature and monsoon climate. In the Climate
Risk Index 2021, Bangladesh was ranked as the seventh most affected country by climate change
in the world (Eckstein et al., 2021). Among the common natural disasters in the country, cyclones
and floods particularly cause damage to the country on a colossal scale. Moreover, an alarmingly
large number of the poor are concentrated along rivers and estuaries, the Barind Tract area in the
North-West, and in the Southwestern coastal belt where the Sundarbans mangrove forest lies.

Augmenting agricultural production and improving livelihoods in the areas affected by climate
change remains to be a major challenge. According to Intergovernmental Panel on Climate Change
(IPCC), in a low crop productivity scenario, Bangladesh would experience a net increase in poverty
of 15 per cent by 2030 due to climate change (Rozenberg & Hallegatte, 2015). Seventeen per cent
people of the country will need to be relocated if global warming persists at the present rate
(Displacement Solutions, 2012). Eighty-one per cent migrants in the slums of Dhaka reported a
climate-related cause for displacement (Displacement Solutions, 2012). It has been predicted that
there will be 3 to 10 million internal migrants in Bangladesh over the next 40 years, depending
on the severity of climate change (Displacement Solutions, 2012). In 2020, in the midst of the
COVID-19 pandemic, 4.44 million people, or 2.7 per cent of the total population of Bangladesh,
were internally displaced due to climate change-induced natural disasters (IDMC, 2021).

The 2030 Agenda has put a lot of performance demands on Bangladesh owing to its economic,
social, and environmental aspects. Through its central pledge of “Leave No One Behind”, the
2030 Agenda addresses the vulnerable groups in society. The 2030 Agenda also addresses climate
change and disaster risk reduction and resilience (endorsing the Paris Agreement and the Sendai
Framework). SDG target 13.a calls upon developed countries to jointly mobilise USD 100 billion
annually by 2020 from all sources. The aim is to address the needs of developing countries in
the context of meaningful mitigation actions and transparency in implementation and to fully
operationalise the Green Climate Fund (GCF) through its capitalisation as soon as possible (UN,
2021). Advanced economies formally agreed within the Paris Agreement to mobilise at least USD
100 billion per year by 2020 (UN, 2015). Globally, pledges worth USD 10.2 billion towards the GCF
were signed in 2018 (Green Climate Fund, 2018).

Against the above-mentioned backdrop, thisresearch aims to fill in the gap in terms of the knowledge
of the implementation progress and prospects of SDG13 (Climate Action) in Bangladesh. Therefore,
this research represents an avant-garde contribution to the knowledge of SDG 13 in Bangladesh
that may be used as a prototype for creating similar studies for other countries. Accordingly, this
study has three research objectives: i) to describe the progress of SDG 13 in Bangladesh; ii) to
forecast the prospects of implementation of SDG 13 in Bangladesh; and iii) to recommend policies
for attaining SDG 13 in Bangladesh by 2030.

Forecasting the prospects of the SDG implementation is critically important for Bangladesh as the
country is determined to carry forward its impressive development record of the past. Forecasting
is necessary to determine whether a certain future event or outcome would occur so that adequate
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measures may be taken at present (Makridakis et al., 1997). Forecasting is a tool for effective and
efficient planning (Hyndman & Athanasopoulos, 2018) which can help in the attainment of goals.
Forecasts can be used for scheduling, acquiring resources, or determining resource requirements
(Makridakis et al., 1997). Therefore, by predicting the trajectory of selected indicators, we can
better understand the actions required to attain the SDGs and plan accordingly.

The rest of this paper is structured as follows. Section 2 contains an overview of the trends in key
SDG 13 indicators of Bangladesh, which sheds light on the performance of the country vis-a-vis SDG
13 implementation. Following this, Section 3 explains the statistical and econometric methodology
used in analysing the data. Section 4 summarises the results of the data analysis and gives a bird’s
eye view of the future of SDG 13 implementation in Bangladesh. Finally, Sections 5 and 6 end the
paper with a few concluding remarks and policy recommendations.

2. PAST PROGRESS

Bangladesh is one of the countries in the world which are most vulnerable to climate change. The
number of households affected by natural disasters in Bangladesh has increased from 550,555 in
2009 to 1,934,629 in 2014 (BBS, 2015). This implies that as high as 44.4 per cent of all households
in Bangladesh were affected by natural disasters. During the period between 2009 and 2014, the
total number of households affected by natural disasters increased in five of the seven geographic
divisions (Figure 1 A-H).

Floods affected 1,503,742 households, or 34.5 per cent of all households in Bangladesh during the
period between 2009 and 2014, which was the highest among all types of disaster (BBS, 2015). In
Dhaka, Rajshahi, Rangpur and Sylhet divisions, floods were the most common natural disaster; in
Barishal division, cyclones were more common; and in Khulna division, cyclones and salinity were
major concerns during the period 2009-2014 (BBS, 2015) (Table 1).

Figure 1 (A-H): Number of Households Affected by Natural Disasters, by Division and Type of Disaster

Figure 1A: Number of Households Affected by Disasters (National)
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(Figure 1 A-H contd.)
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Figure 1B: Number of Households Affected by Disasters (Barisal)
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Figure 1C: Number of Households Affected by Disasters (Chittagong)
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Figure 1D: Number of Households Affected by Disasters (Dhaka)
700000 - mmmms Drought
600000 - s Flood
[ Water-logging
500000 -
Cyclone
400000 - mmmmm  Tornado
300000 - Storm/Tidal Surge
Emm Thunderstorm
200000 I River/Coastal Erosion
100000 - mmm  Landslides
0 . Salinity
mEmm  Hailstorms
]

[e2)
o
o
~N

2010
2011
2012
2013
2014

Other disasters

(Figure 1 A-H contd.)

Page | 3



CPD Working Paper 145

(Figure 1 A-H contd.)

Figure 1E: Number of Households Affected by Disasters (Khulna)
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Figure 1F: Number of Households Affected by Disasters (Rajshahi)
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Figure 1G: Number of Households Affected by Disasters (Rangpur)
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Source: Authors’ illustration based on Bangladesh Disaster-Related Statistics 2015 (BBS, 2015).
Note: Household is defined as a group of people who share the same kitchen, including single persons.

Table 1: Proportion of Households Affected by Natural Disasters, by Division, and Type of Disaster (2009-2014)

(in per cent)

g = | 5 |Z
£ £ .| g |E £ S, £ .| § 5
S| 3| & | ¢ | g |Eg| 5 |E¥s| B | E| & &%
& e = S e | &3] F |g&a| = & £ |63
National 14.8 34.5 13.9 21.3 4.1 8.7 14.9 4.9 0.1 4.1 11.9 7.9
Barishal 1.4 5.2 3.9 78.3 0.9 31.5 3.7 4.4 0.0 0.9 0.3 0.1
Chattogram 10.6 32.0 34.4 30.9 1.8 13.5 8.4 7.0 0.8 53 9.5 12.9
Dhaka 19.9 51.9 18.7 0.0 3.9 0.0 17.7 6.4 0.0 0.0 20.9 9.3
Khulna 9.3 7.7 349 23.2 2.6 9.2 7.4 4.2 0.0 22.2 10.3 7.3
Rajshahi 25.4 48.5 0.7 0.0 7.5 0.0 20.4 3.4 0.0 0.0 12.9 14.7
Rangpur 23.9 41.7 0.7 0.0 12.3 0.0 23.5 6.9 0.0 0.0 16.6 8.3
Sylhet 16.5 69.9 2.6 0.0 1.3 0.0 31.8 1.9 0.0 0.0 12.5 5.4

Source: Authors’ compilation based on Bangladesh Disaster-Related Statistics 2015 (BBS, 2015).

Note: Household is defined as a group of people who share the same kitchen, including single persons.

The total economic loss due to natural disasters during the period 2009-2014 was BDT 184247.3
million (BBS, 2015). Sector-wise disaggregation shows that crops suffered the greatest economic
loss due to natural disasters during the period between 2009 and 2014, which amounted to BDT
66703.4 million (BBS, 2015) (Table 2).

Page | 5
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Table 2: Economic Loss Due to Natural Disasters in Million BDT, by Sector and Type of Disaster (2009-2014)

All Crops Livestock | Poultry Fishery Land Houses Homestead

sectors and Forestry
All natural 184247.3 66703.4 8772.2 2224.9 10713.9 49229.7 31676.9 14926.3
disasters
Drought 10569.2 9144.9 191.1 81.9 189.7 698.2 0.0 263.3
Flood 42807.2 22163.3 2373.3 593.8 1986.8 8966.5 5040.0 1683.6
Water logging 16062.2 8660.7 702.9 204.6 2466.4 1541.5 1769.6 716.4
Cyclone 28384.8 4194.3 3137.5 750.9 2109.5 0.0 10833.4 7359.3
Tornado 4299.0 984.5 145.8 28.0 0.0 0.0 2484.6 656.1
Storm or tidal 12676.0 2343.8 769.9 321.9 3271.2 3318.0 1847.7 803.4
surge
Thunderstorm 10940.1 2493.6 432.3 103.4 0.0 0.0 6212.4 1698.5
River or 36408.9 1076.2 729.3 33.9 338.7 31742.1 2034.3 454.4
coastal erosion
Landslides 249.0 7.8 0.2 0.1 0.0 200.2 21.4 19.3
Salinity 6072.9 2162.7 142.2 11.0 0.0 2763.2 46.9 946.8
Hailstorm 11471.7 9679.6 53.4 27.0 0.0 0.0 1386.5 325.1
Other natural 4306.1 3792.0 94.1 68.2 351.7 0.0 0.0 0.0
disasters

Source: Authors’ compilation based on Bangladesh Disaster-Related Statistics 2015 (BBS, 2015).

On the other hand, Dhaka division suffered economic losses due to natural disasters equivalent to
BDT 46055.3 million during the period 2009-2014, which was the greatest among all the geographic
divisions of the country (BBS, 2015) (Table 3).

Table 3: Economic Loss Due to Natural Disasters in Million BDT, by Division and Type of Disaster (2009-2014)

National | Barishal | Chattogram Dhaka Khulna Rajshahi Rangpur Sylhet
All natural 184247.3 | 36974.4 19029.9 46055.3 29212.5 21690.4 15614.7 15670.2
disasters
Drought 10569.2 70.3 476.5 2938.6 753.9 2663.9 2049.4 1616.5
Flood 42807.2 1028.9 3327.2 14490.1 1627.0 7811.0 5209.4 9313.7
Water logging | 16062.2 696.4 2955.4 4188.4 7907.7 59.2 80.9 174.3
Cyclone 28384.8 | 19827.5 3358.2 0.0 5199.2 0.0 0.0 0.0
Tornado 4299.0 245.5 236.9 872.7 420.9 1035.6 1056.9 130.4
Storm or tidal 12676.0 | 9285.5 999.7 0.0 2390.8 0.0 0.0 0.0
surge
Thunderstorm 10940.1 241.4 1411.2 3069.5 769.7 2059.4 1462.4 1926.4
River or 36408.9 | 5276.2 3905.8 14175.6 32219 4926.2 4085.8 817.4
coastal erosion
Landslides 249.0 0.0 248.9 0.0 0.0 0.0 0.0 0.1
Salinity 6072.9 284.1 650.3 0.0 5138.5 0.0 0.0 0.0
Hailstorm 11471.7 17.8 684.1 5314.3 1021.2 1599.9 1323.1 1511.1
Other natural 4306.1 0.9 475.7 1006.1 761.42 1535.16 346.62 180.28
disasters

Source: Authors’ compilation based on Bangladesh Disaster-Related Statistics 2015 (BBS, 2015).
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Children were disproportionately affected by climate change as 69.5 per cent of individuals who
fell sick due to natural disasters during 2009 to 2014 were 17 years old or younger (BBS, 2015). On
the other hand, adults were the most prone to injury as 47.3 per cent of individuals aged 18 to 60
suffered from injury due to natural disasters during 2009 to 2014 (BBS, 2015) (Table 4).

Table 4: Proportion of Individuals Suffering From Sickness and Injury Due to Natural Disasters, by Division
and Age Group (as a Percentage of Relevant Group) (2009-2014)

Sickness Injury

Total Age Age Age Total Age Age Age

00-17 18-60 61+ 00-17 18-60 61+

National 100.0 69.5 25.8 4.6 100.0 36.5 47.3 16.1
Barishal 12.1 9.2 2.3 0.7 13.0 3.7 5.0 4.3
Chattogram 12.7 8.9 33 0.5 17.8 6.5 8.2 3.2
Dhaka 20.9 15.1 4.6 1.3 15.4 4.7 8.2 2.5
Khulna 12.9 7.6 4.5 0.8 16.1 3.9 8.9 3.3
Rajshahi 16.2 10.7 4.8 0.6 15.9 6.7 7.9 1.3
Rangpur 12.1 8.4 3.3 0.4 9.3 4.6 3.7 1.0
Sylhet 13.0 9.6 3.1 0.4 12.5 6.6 53 0.6

Source: Authors’ compilation based on Bangladesh Disaster-Related Statistics 2015 (BBS, 2015).

In terms of natural disasters, floods had the most damaging impact on human life as 47.9 per cent
of all individuals suffered from sickness, and 41.9 per cent of all individuals suffered from an injury
caused by floods (BBS, 2015) (Table 5).

Table 5: Proportion of Individuals Suffering From Sickness and Injury Due to Natural Disasters, by Type of
Disaster and Age Group (as a Percentage of Relevant Group) (2009-2014)

Sickness Injury
Total Age Age Age Total Age Age Age
00-17 18-60 61+ 00-17 18-60 61+
All disasters 99.9 69.5 25.8 4.6 100.0 36.5 47.3 16.1
Drought 7.1 4.7 2.0 0.3 0.0 0.0 0.0 0.0
Flood 47.9 33.8 12.2 1.9 41.9 19.9 17.9 4.1
Water logging 12.4 8.5 3.3 0.7 7.7 1.8 4.4 1.5
Cyclone 12.1 8.4 2.9 0.7 15.2 4.3 5.3 5.6
Tornado 1.2 0.9 0.3 0.1 8.4 2.1 5.3 1.1
Storm or tidal 4.6 31 1.3 0.2 3.9 0.8 24 0.7
surge
Thunderstorm 4.8 3.7 0.9 0.1 6.7 2.6 3.6 0.5
River or coastal 0.9 0.6 0.2 0.1 4.2 2.0 1.6 0.5
erosion
Landslides 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Salinity 0.8 0.4 0.4 0.0 0.0 0.0 0.0 0.0
Hailstorm 3.5 2.2 0.9 0.3 9.1 1.9 5.5 1.6
Other disasters 4.8 33 1.3 0.2 3.0 1.2 1.2 0.6

Source: Authors’ compilation based on Bangladesh Disaster-Related Statistics 2015 (BBS, 2015).
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Average annual economic loss per household due to natural disasters was estimated to be BDT
7,040 per year or around 5.1 per cent of average annual household income during the period
between 2009 and 2014 (BBS, 2015). However, the losses were not equally shared among all
households. Average annual economic loss per household due to natural disasters was as high as
15.7 per cent of average annual household income for the poorest quintile of households, but only
3.1 per cent of average annual household income for the richest quintile of households. Thus, the
poorest households were disproportionately affected by climate change-induced natural disasters
during the period 2009-2014 (BBS, 2015) (Table 6).

Table 6: Average Annual Economic Loss per Household Due to Natural Disasters, by Household Income
Quintile Groups and Type of Loss

(in BDT)
© = w5
2 o o 882
[ © = - 0
c B £ © o 9 <
) o 2 % 9 - é 8— g
= 2 L P 8 z e g | &2 553 ¢
S | g8 | ¢ g 3 - E S | ES| T |§c85s
& 2= S = & & = T T8 © | 8R8%E
1 34957 2038 | 279 75 268 | 1351 | 1066 | 394 | 5471 15.7%
2 74590 1776 | 270 77 220 | 1397 | 1231 | 382 | 5353 7.2%
3 105986 | 1987 | 331 87 300 | 1888 | 1255 | 529 | 6377 6.0%
4 152092 | 2566 | 353 92 395 | 2026 | 1260 | 743 | 7435 4.9%
5 357897 | 4665 | 460 95 934 | 2877 | 1244 | 846 | 11121 3.1%
Average | 139357 | 2549 | 335 85 409 1881 | 1211 | 570 | 7040 5.1%

Source: Authors’ compilation based on Bangladesh Disaster-Related Statistics 2015 (BBS, 2015).

In the aftermath of a natural disaster, there is often widespread damage to infrastructure and
disruptions of transportation links caused due to the calamity. As a result, children may not be
able to travel to schools, or even worse, the schools themselves may be destroyed. Additionally,
schools in remote rural areas of Bangladesh are often utilised as storm shelters, which means that
sometimes classes cannot continue in extreme weather. During the period from 2009 to 2014,
children in Bangladesh missed a total of 1,078,118 days of school due to natural disasters (BBS,
2015). Boys missed school marginally more than girls and children in Barishal division were the
worst affected due to natural disasters (BBS, 2015) (Figure 2).

Per capita emissions in Bangladesh are generally much lower than those in developed countries.
Nevertheless, with rapid economic advancement, emissions have been growing in recent years.
On average, carbon dioxide emissions increased at 8.1 per cent, while methane and nitrous oxide
emissions increased by 0.9 per cent and 1.9 per cent respectively during the period from 1992 to
2012 (EDGAR, 2019) (Figure 3).

Global warming is wreaking havoc all over the world, and its impacts are being overtly felt in
Bangladesh aswell. Many countries of the world are witnessing arise in annual average temperatures
and records of highest temperatures are being broken repeatedly. In Bangladesh, annual average
temperatures increased by 0.6 per cent per year in 2018, which was 10.2 times faster than the
annual average temperature increase of 0.1 per cent in 1961 (FAO, 2019) (Figure 4).
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Figure 2: Number of Days Children Missed School Due to Natural Disasters, by Division and Gender

(2009-2014)
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Figure 3: Growth Rate of Emissions
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Figure 4: Annual Average Temperature Change
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3. METHODOLOGY

At the very outset of the empirical analysis, missing values were encountered for several SDG
indicators. This represented a problem, since forecasting a time series with limited number of
observations and gaps in the data could lead to biased results. In order to resolve this issue, this
study took advantage of the Expectation Maximisation (EM) algorithm to calculate estimated values
of the missing data. The EM algorithm is an unsupervised machine learning algorithm that can be
used for iteratively calculating maximum likelihood estimates from data which is missing at random
(Dempster et al., 1977; McLachlan and Krishnan, 2008). The EM algorithm is applicable for use with
a wide variety of ‘incomplete data’ (Bishop, 2006), including the data which is missing at random
(Rubin, 1976). The term ‘incomplete data’ means that there are two sets of random variables, one
of which is unobserved, while the other is observed (Alpaydin, 2010).

Suppose, there exist two sets of random variables X and Y, where X is unobserved and Y is observed.
Assume that there is a many-to-one mapping from X to Y, such that the unobserved data x in set X are
observed only indirectly through the observed data y in set Y (Moon, 1996). Then, the specification of
the complete data, f, is linked to the specification of the incomplete data, g, through

gly|®) = [, fix| ®) dx,

where, in the case of data missing at random, @ is assumed to be independent of the parameters
of the missing data process (Dempster et al., 1977). The EM algorithm aims to calculate a value
of ® which maximises g(y|®), the specification of the incomplete data, by utilising f(x| ®), the
specification of the complete data (Dempster et al., 1977). The EM algorithm iterates between the
expectation step, or E-step, and the maximisation step, or M-step, until convergence (Marsland,
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2009). In the E-step, the expected values of the unobserved variables are calculated, and in the
M-step, new values of the parameters that maximise the log likelihood of the data are found, given
the expected values of the unobserved variables (Russell & Norvig, 2010). Following Dempster et
al. (1977), assume that ®® denotes the current value of ® after p cycles of the algorithm. Then the
general form of the EM algorithm can be defined as:

Q(®’| @) = E(logfx | D) |y, @)

Now the EM iteration @ > @(**) can be defined as follows:

E-step: Calculate Q(@ | ©*)

M-step: Select O(**Y) to be a value of ® € Q which maximises Q(® | D)),
where Q is an r-dimensional convex region.

Each iteration of the EM algorithm increases the log likelihood (Hastie et al., 2008; Russell &
Norvig, 2010) until convergence is reached where no further increase in the log likelihood is
possible (Bishop, 2006). The EM algorithm has several advantages over other iterative algorithms,
as outlined in McLachlan and Krishnan (2008), which is why it was used in this study. Once the
missing values in the data were estimated using the EM algorithm, the status of each SDG indicator
was forecasted until 2030 using an ARIMA model.

In forecasts using an ARIMA model, the dependent variable is forecasted using a linear combination
of its own past values as well as past values of the error term (Makridakis et al., 1997; Hyndman
& Athanasopoulos, 2018). An ARIMA model constitutes of an autoregressive, or AR, component,
a provision for differencing non-stationary time series, or | component, and a moving average, or
MA, component. The AR component implies that the dependent variable is regressed on its own
past values, the | component implies that differenced values of the dependent variable are used,
and the MA component implies that the dependent variable is regressed on the past values of the
error term. In the ARIMA (p, d, q) model, p denotes the order of the AR component, d denotes the
degree of first differencing involved, and g denotes the order of the MA component (Makridakis et
al., 1997). The general pth-order AR model can be defined as:

ytz c+ ¢1yt_1 + ¢2Yr-2 + . +¢th_p +e,

where, cis the constant term, d)j. is the jth autoregressive parameter, and e, is the error term at time
t (Makridakis et al., 1997). The general gth-order MA model can be defined as:

Yt= c+ et- elet-l- ezet-z ot T eqer-q’

where, c is the constant term, 0/_ is the jth moving average parameter, and €y is the error term at
time t - g (Makridakis et al.,1997). Combining the AR and MA models gives the ARMA model:

Yo=c+p Y ++QY +e-0e ---0e

1 q tq

Adding the provision for differencing to the ARMA model gives the general form of the ARIMA model:
(V.- Yt—l)d SCHPY  tt ¢th-p e, - -0e

q tq

where, d denotes the degree of first differencing (Makridakis et al., 1997).
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In order to identify suitable values of p, d, and g for the ARIMA models, the Box-Jenkins approach
(Box & Jenkins, 1970; Box et al., 1994) was used. The Box-Jenkins approach is essentially based on
the principle of parsimony or the Occam’s razor (Tornay, 1938) which advocates that the simplest
explanation of phenomenon is the best. While increasing the number of parameters in the model
may increase the goodness of fit, but it compromises the degrees of freedom available to estimate
the variability of the parameters (Enders, 2015). The Box-Jenkins approach for ARIMA forecasting
involves four broad phases: identification, estimation, diagnostic checking, and forecasting
(Bhaumik, 2015).

The model identification phase is initiated by checking if the time series is stationary by running
augmented Dickey Fuller (Dickey & Fuller, 1979; Dickey & Fuller, 1981) and Phillips-Perron (Phillips &
Perron, 1988) unit root tests. The augmented Dickey-Fuller unit root test consists of the estimation
of one or more equations using ordinary least squares in order to obtain an estimated value for
the coefficient of interest, y, and the associated standard error. Comparison of the subsequent
t-statistic with the corresponding value reported in the Dickey-Fuller results enables us to decide
whether to reject or not to reject the null hypothesis of y = 0. The unit root can be detected using
the Dickey-Fuller statistic. If the model has no intercept or trend, then we use the T statistic, if the
model has an intercept then we use the T, statistic, and if the model has both an intercept and a
trend then we use the t_statistic (Enders, 2015). The augmented Dickey-Fuller test uses the pth
order autoregressive process defined as:

14
Ays =ap +yye-1 + Z Bidyt—i+1 + &
i=2
where,
p p

y=—(1-D a) and f=-D.q

i=1 i=1

The null hypothesis is that the variable contains a unit root. The alternative hypothesis is that the
variable was generated by a stationary process. If y=0, then we cannot reject the null hypothesis
that the variable has a unit root. The augmented Dickey-Fuller test assumes that the errors are
uncorrelated with each other and have constant variance.

For robustness check, in addition to the augmented Dickey-Fuller unit root test, the Phillips-Perron
unit root test was also conducted. The Phillips-Perron test is non-parametric unit root test that
modifies the test statistics after estimation in order to consider the effect of autocorrelated errors.
This procedure allows for drawing valid inferences from large samples without estimating additional
parameters in the regression model (Banerjee et al., 1993). The error term in the Phillips-Perron
unit root test regression model does not follow a white-noise process.

The variables which were found to be non-stationary in the unit root tests were differenced. Thus,
the order of first differencing, d, was determined. Next the autocorrelation function (ACF) and
partial autocorrelation functions (PACF) were plotted to determine the orders of the autoregressive
and moving average components, p and g, respectively. Following Makridakis et al. (1997), the
autocorrelation coefficient, r,, used for plotting the ACF is defined as:

L Sen (=N =)
“ Y, -V
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and the PACF is plotted by calculating the partial autocorrelation coefficient @, = b, from
the regression:
Vi=bytbY +bY,++bY,

The ACF shows the relationship between Y, and lagged past values of Y,. However, the problem
with ACF is that two values of Y, such as Y, and Y, may appear to be correlated since they are
both correlated with a third value of Y ,such as Y, , which falls in between them (Hyndman &
Athanasopoulos, 2018). In order to circumvent this issue, PACF shows the relationship between Y,
and past values of Y, after removing the effect of lags 1,2,3, ..., k - 1 (Hyndman & Athanasopoulos,
2018). An AR process of order p will exhibit an ACF which will die out rapidly with an exponential
decay or damped sine-wave and a PACF which will have spikes up to lag p before dying out (Box et
al., 1994; Bhaumik 2015). An MA process of order g will exhibit an ACF which will have spikes up to
lag q before dying out and a PACF which will die out rapidly with an exponential decay or damped
sine-wave (Box et al., 1994; Bhaumik 2015). A mixed AR and MA process is expected when neither
the ACF nor the PACF exhibits any distinct cut-off patterns (Bhaumik, 2015). In addition to examining
the ACF and PACF plots, portmanteau tests such as the Box-Pierce test (Box & Pierce, 1970) and
Ljung-Box test (Ljung & Box, 1978) were also considered to help in deciding the appropriate values
of pand gq.

Once suitable values for p, d, and g have been determined, the ARIMA models are estimated using
maximum likelihood estimation, the details of which can be found in several sources (Box et al.,
1994; Hamilton, 1994). The estimated ARIMA models were re-examined to check if they were
identified properly. If m =p + g + P + Q is the number of terms in the model, then the Akaike’s
Information Criterion (AIC) (Akaike, 1974) is defined as:

AlIC=-2logL+2m,

where, L denotes the likelihood (Makridakis et al., 1997). Among a group of competing ARIMA model
specifications, the one which minimised the value of AIC was chosen. Following this, the residuals
of the chosen model were examined with ACF and PACF plots and subjected to portmanteau tests,
as recommended in the literature (Hyndman & Athanasopoulos, 2018).

The ARIMA model specifications derived using the Box-Jenkins approach were used as benchmark
models for forecast averaging. Past research has pointed out the advantages of forecast averaging
over the use of single forecasts (Clemen, 1989; Makridakis & Hibon, 2000; Timmermann, 2006),
which is why the method was preferred for this analysis. The final forecasts were each based on the
average of 100 different forecasts using smoothed AIC weights (IHS Global Inc., 2017).

4. FUTURE PROSPECTS

Although all natural disasters cannot be directly attributed to the impact of climate change, there
is substantial evidence that anthropogenic climate change is responsible for the increase in the
frequency, intensity and amount of heavy rainfall globally (Hoegh-Guldberg et al., 2018). Hence,
the increase in the number of households affected by natural disasters in Bangladesh over the
years can be at least partly be explained by climate change. If the trend of the increasing frequency
and intensity of natural disasters continues, then 30,366,230 households in Bangladesh will be
affected by natural disasters in 2030, which is 12.5 times higher than the number in 2015 (Figure 5).
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Figure 5: Number of Households Affected by Natural Disasters
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Figure 7: Annual Average Temperature Change
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Source: Authors' calculations based on the data from FAOSTAT (FAO, 2019).
Note: (i) Missing values imputed with maximum likelihood estimates; (ii) Forecasts based on ARIMA model forecasts.

On the other hand, total greenhouse gas (GHG) emissions increased by 1.8 per cent per year on
average during the period 1992 to 2012 (EDGAR, 2019). If this increasing trend continues then,
in 2030, total GHG emissions in Bangladesh will increase by 5.2 per cent year-on-year (Figure 6).
Climate change is a global phenomenon for which Bangladesh alone is not responsible. Nonetheless,
since Bangladesh is one the most climate-vulnerable countries in the world, it is imperative for the
country to be proactive in order to mitigate the causes and adapt to the consequences of climate
change. Thus, steps must be taken to promote sustainable production and consumption practices
as well as to develop an environmentally conscious lifestyle.

If the disturbing trend of increase in annual average temperature continues, then, by 2030, the
annual average temperature in Bangladesh will increase by 0.9 per cent year-on-year (Figure 7).
Such warming is bound to have adverse effects of agricultural productivity and human wellbeing
while causing an increase in electricity consumption and frequency of severe cyclones.

5. CONCLUSION

Humans are under existential threat from climate change. The cost of delaying action to tackle
climate change is extremely serious, and the likely repercussions of inaction are so disastrous.
Bangladesh is fighting climate change on the front lines. Climate change directly jeopardises
Bangladesh’s economic growth potential. As discussed in this paper, natural disasters are more likely
occurring due to anthropogenic climate change and this has severe ramifications for Bangladesh.

Bangladesh’s high climate vulnerability is evident from the state of the indicators under SDG 13. In
recent years, the country has faced an increasing number of natural disasters—many of which are
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most likely induced by anthropogenic climate change. The total number of households affected by
natural disasters has increased every year, and if such trends continue then the forecast from this
study suggests that more than 30 million households in Bangladesh will be affected by climate-
induced natural disasters in 2030. Climate-induced natural disasters have had substantial adverse
impacts on individuals and communities, with high economic losses accompanied by large number
of people suffering from sickness and injury, and children missing schooling days. The drivers of
climate change show no signs of abatement, as GHG keeps rising. On the other hand, annual average
temperatures are forecasted to keep increasing continuously till 2030 if the past trends persist.

6. RECOMMENDATIONS

Bangladesh has to tackle the impact of climate change in two broad ways: i) adaptive measures, and
ii) mitigative measures. In case of adaptation, plans and policies undertaken by the government will
have to be expedited and scaled up. This will require increased financial resources and state-of-the-
art technology. The Ministry of Environment, Forest and Climate Change will have to work closely
with the Ministry of Finance for resource mobilisation. On the mitigation aspect, policymakers
have to increase investment for the reduction of GHG emissions in polluting sectors, including
agriculture, manufacturing, transport, and construction.

Moreover, the gulf between the rhetoric and the reality of climate change needs to be narrowed
down urgently. The following measures will be needed in order to tackle the risks of climate
change in Bangladesh: i) scaling up adaptation measures to enhance adaptive capacity, strengthen
resilience, and reduce vulnerability to climate change; ii) implementing national adaptation plans
through participatory measures, and strengthening adaptation related institutional arrangements;
iii) increasing investment in renewable energy to make agriculture and manufacturing greener;
iv) campaigning for greater funding of climate change adaption measures and joining forces
with other climate-vulnerable countries to persuade developed countries to fulfil their climate
funding commitments; v) considering trans-boundary action and collaboration on mitigation and
adaptation by setting up a separate fund amongst climate-vulnerable countries to address the
impacts of climate change on the lives and livelihoods of people; and vi) increasing natural disaster
preparedness by improving the efficiency of multi-hazard early warning systems.

Since climate change is a global challenge, Bangladesh will have to work together along with the
global communityin dealing with this crisis. Bangladesh will also have to demand for higher resources
and technology transfer for addressing climate change related challenges more effectively.

After the Paris Climate Conference in 2015, the 26th Conference of Parties (COP26) to the United
Nations Framework Convention on Climate Change (UNFCCC) in 2021 will be the world’s largest
climate event. Considering the planet’s dire climate change situation, the outcomes of COP26 may
well determine the world’s fate. Bangladesh, like other climate-vulnerable nations, has distinct
agendas that represent the climate-vulnerable countries’ strategic concerns. At least five particular
agendas are critical among these: i) ensuring that commitments of major carbon emitting countries
to limit carbon emission are fulfilled; ii) scaling up climate funding urgently to support climate
vulnerable countries; iii) ensuring that the bigger share of climate funding is directed towards
adaptation; iv) finalising the Paris Rulebook to ensure accountability; and v) establishing the
mechanism for loss and damage.
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