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Introduction: There is fear that climate change will lead to the displacement

of millions of people in the next 100 years. This has led to increased academic

interest in estimating the trends of climate-related migration. Bangladesh is

particularly vulnerable to climate change and is very likely to experience mass

climate migration before the end of the century. E�orts have been made to

forecast this climate migration using agent based modeling. Less attention has

been paid to how the physical climate is represented in these models.

Methods: We address this gap, by developing an agent based model which

takes dynamic climate input from climate models, i.e. data on temperature,

precipitation and wind speed. It translates climate scenario data from the Shared

Socioeconomic Pathways (SSPs) into a likelihood that a region in Bangladesh

will experience extreme weather (heatwaves, floods, and cyclones) and finds

the possible migration outcomes. It can run on an upazila level, the smallest

administrative division in Bangladesh.

Results: The model shows that there will be an accumulative number of over

22 million internal climate migrants in Bangladesh by 2050, with most of the

migrants originating from the center of the country and migrating to other

upazilas in the center and the southeast.

Discussion: The inclusion of di�erent types of extreme weather events is used

to try to project the spatial movement of migrants. The projected number of

migrants found is much greater than other studies in this area, but the locations

that they move between remains the same.

KEYWORDS

agent based modeling, migration, climate change, migration decision, migration

modeling

Highlights

• An agent based model is developed using projections of dynamic climate data and

statistical population data.

• People’s internal migration involves moving from high-risk zones to regions with

better employment prospects and lower environmental risks.

• The model shows that there will be over 22 million internal climate migrants in

Bangladesh by 2050.
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GRAPHICAL ABSTRACT

1 Introduction

Climate change is projected to cause many changes around the

world. There is fear that these changes will bring mass migration

as changes in the local environment render vast areas around the

world uninhabitable. As climate change develops, there is a greater

chance that the factors leading to migration will be exacerbated

(Perch-Nielsen et al., 2008). There are questions about how founded

these fears are, as climate migration research is still developing and

it is uncertain what effect climate change might actually have on

migration patterns (Boas et al., 2019, Gray and Mueller (2012)).

Bangladesh is a country particularly vulnerable to climate

change, making it susceptible to climate migration. The country

often experiences tropical cyclones, floods, storm surges and many

other extreme weather events (Dastagir, 2015). The frequency and

intensity of these disasters are expected to worsen with climate

change (Seneviratne et al., 2021). Bangladesh is also one of the

most densely populated countries in the world, which increases its

vulnerability to climate change (Khan et al., 2021). If climate change

is going to change migration patterns, then this change will very

likely occur in Bangladesh.

Modeling climate migration in Bangladesh is an important area

of study. In order for a community to adequately adapt to the

changes that migration brings, projections of migration patterns

must be made. Climate migration in Bangladesh has been modeled

by Hassani-Mahmooei and Parris (2012), Bell et al. (2021), and Best

et al. (2021). All of these studies have produced different results.

Hassani-Mahmooei and Parris (2012) found that migration was

away from the coast and toward the center of the country while

Bell et al. (2021) found that migration would be toward the coast.

More research is therefore needed to clarify the expected future of

migration patterns in Bangladesh.

Migration modeling is often projected by calculating the

push and pull factors of a situation. These are the undesirable

aspects of life at the place of origin (push), and the desirable

living conditions of another location (pull). If the push and pull

factors are large enough, a person will likely migrate to improve

their standard of living (Lee, 1966). Climate change will likely

affect both push and pull factors, as living conditions everywhere

are impacted.

One area that previous climate migrationmodels of Bangladesh

could be improved on is the input of climate as a push factor.

The climate input of these models is either static, meaning that the

effects of climate change do not change with time (e.g., Best et al.,

2021), or randomized,meaning that climate shocks occur randomly

in time (e.g., Hassani-Mahmooei and Parris, 2012; Best et al., 2025).

ABMs that consider a non-static or non-random climate exist for

other countries (e.g., Trinh and Munro, 2023; Tierolf et al., 2023;

Kniveton et al., 2011), but this has yet to be included in ABMs

modeling climate migration in Bangladesh.

ABMs with a dynamic climate component are able to

consider the indirect effects that meteorological variability can

have on migration, like in Kniveton et al. (2011), where the

relationship between precipitation and factors such as employment

opportunities. However, these ABMs often only include one kind of

climate effect, for example, Tierolf et al. (2023) considered only the

impact of coastal flooding on migration. Climate change will affect

the frequency of many different kinds of extreme events which can

have an impact on climate migration.

To accurately look at how the climate will affect migration

patterns in Bangladesh, the dynamics of the climate should be

included in these migration models. This can be done by looking

at how we predict extreme weather events that cause migration in a

changing climate.
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Agriculture is an important sector in Bangladesh. In 2010,

47.33% of the labor force was employed in agriculture, forestry and

fishery. In 2015, agriculture and forestry contributed to 12.27% of

GDP (Rahman, 2017). Agricultural activities are very vulnerable to

climate change and variations in the climate can lead to a boost or

a decline in agricultural yield and income. In Bangladesh, current

climate trends are believed to be responsible for a loss of around

2.75% of crop yield per harvest (Hasan and Kumar, 2021).

Most farms in Bangladesh are small and are run at a household

level (Rahman, 2017). For these household farms to survive

climate change-exacerbated extreme weather, climate adaptation

strategies need to be pursued. There aremany forms that adaptation

strategies can take, for example, insurance policies (Hill et al., 2019).

Migration has been shown to be an effective adaptation strategy

in Bangladesh as it allows for diversification of income (Martin

et al., 2014), or can improve the adoption of on-farm adaptations

(Solomon et al., 2024). A decrease in agricultural income of 1

percentage point due to climate change related causes leads to about

a 3 percentage point increase in the likelihood that a household

will pursue climate change adaptation strategies. This includes an

increase of 1.43 percentage points in the likelihood that a household

will consider migration options (Delaporte and Maurel, 2018).

The purpose of this study was to see if it is possible to use data

from the sixth Coupled Model Intercomparison Project (CMIP6)

to predict future extreme weather events, project the effects that

it could have on agriculture, and then use these predictions as

an inputted push factor in an agent based model to predict

migration patterns in Bangladesh. The effects of multiple types

of extreme weather, namely flooding, heatwaves and cyclones, on

migration patterns were investigated, and methods of predicting

them from CMIP6 data were developed. A model like this would

help Bangladesh plan formigrants and give support to communities

that are expected to receive a large amount of migrants.

Section 2 covers the data used and discusses the model setup.

Section 3 then will present the results of the model and will discuss

them. Finally, Section 4 will conclude and summarize this research.

2 Methods

2.1 Data

Bangladesh is divided into 495 administrative regions called

upazilas. They have populations between 10,626 and 1,820,374

people and areas between 127.87 and 2,829 km2. A table with more

details on the mean and range of data on upazilas is summarized in

Table 1. The migration model in this study runs at an upazila level.

The map used for the borders of the upazilas and for the rivers and

water bodies in Bangladesh is from OCHA Regional Office for Asia

and the Pacific and was downloaded from the Humanitarian Data

Exchange website (OCHA, 2020; OCHA, 2018).

To model the projected climate for Bangladesh, data from one

sixth Coupled Model Intercomparison Project (CMIP6) model was

used. The model used was the Meteorological Research Institute

Earth System Model Version 2.0 (MRI-ESM2.0). This model was

used because it showed a good ability to reproduce observed data

of the surface temperature, surface wind speed and perception for

future scenarios (Eyring et al., 2021). The frequency of the data was

TABLE 1 A summary of upazila characteristics based on data from the

2011 census (Statistics and informatics division, Bangladesh Bureau of

Statistics, Government of the People’s Republic of Bangladesh, 2011).

Mean age is in ranges as the BBS census only includes these.

Upazila characteristics Range of values Mean value

Population 10,626–1,820,374 264,786

Size 127.87–2,829 km2 299.92 km2

Mean age of population 15–29 25–29

Percentage employed in agriculture 0.07%–39.66% 14.97%

monthly and the resolution of the grid was 100 km. Data for surface

temperature, precipitation and wind speed are used. Five different

Shared Socio-economic Pathways (SSPs), SSP1-1.9, SSP1-2.6, SSP2-

4.5, SSP3-7.0, and SSP5-8.5, and the historical scenarios were used

(Yukimoto et al., 2019).

The data was downscaled using the interpolation method

provided by Hoyer and Hamman (2017) to a 50 km resolution

grid. Then the data was assigned to each upazila by finding the

central coordinate of each upazila in the map used and finding the

corresponding data point in the downscaled CMIP6 data.

Data on the population of Bangladesh from the 2011 census

was downloaded from the Bangladesh Bureau of Statistics (BBS)

website (Statistics and informatics division, Bangladesh Bureau

of Statistics, Government of the People’s Republic of Bangladesh,

2011). This includes information on population and household per

upazila, employment sector and age ranges.

Agricultural and crop data for each administrative division

was taken from the BBS Agricultural Census 2016 (Statistics and

informatics division, Bangladesh Bureau of Statistics, Government

of the People’s Republic of Bangladesh, 2017). The most common

crop type for each division was then assigned to each of the upazilas

in that region as the crop type to be considered.

2.2 Creating indices for extreme weather
event prediction

In order to treat climate change as a push factor in this

migration model, the likelihood of extreme weather events is found

from the CMIP6 data. The extreme weather events considered

in this study are floods, heatwaves, and cyclones. These were

chosen as they are relatively common extreme weather events in

Bangladesh and are expected to increase in frequency and intensity

with climate change (Dastagir, 2015; Choi et al., 2021; Khan et al.,

2020). These extreme events harm the agricultural industry (Hasan

and Kumar, 2021; Heinicke et al., 2022) and have been identified

as the factors most likely to induce environmental migration in

Bangladesh (Perch-Nielsen et al., 2008).

This section details how the likelihood of each event is found

for each event type.

2.2.1 Flood prediction
An index for flood prediction was developed by Deo et al.

(2019) for two cities in Bangladesh: Dhaka and Bogra. It bases the
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index on the precipitation in the area over the past year according

to the equation:

IF =
PE − Pmax

E

σ (Pmax
E )

with PE =
∑365

N=1[
∑N

m=1 Pm
N ] the effective precipitation, or the

sum of daily rainfall over the past year with a time-dependent

reduction fraction, and Pm being the total rainfall m days before

the day you are calculating the index for. Pmax
E is the mean annual

maximum PE for a given historical period. In this case the historic

period is the years 1850 to 2015. A positive value of IF indicates

a risk of flooding. They found that the intensity and timing of

historic floods were captured well by the index, but that there

were still some inaccuracies (Deo et al., 2019). The original index

was calculated using daily values of precipitation. Since the model

developed here uses monthly data, the index and its components

were modified to accommodate that. The modified equation for

effective precipitation is:

PEnew = 24(P1+ 0.39P2+ 0.28P3+ 0.22P4+ 0.17P5+ 0.14P6+

0.11P7 + 0.09P8 + 0.07P9 + 0.05P10 + 0.03P11 + 0.02P12)

PN is the average precipitation withN = 1 being the current month

and N > 1 being the value for (N − 1) months ago.

Deo et al. (2019) developed this index based on two locations

that are found on rivers: Bogra and Dhaka. Since the distance to

rivers and water bodies is a factor that determines flood risk (Roy

et al., 2021), the index was edited so that this could be taken into

account. A river map was used to find the distance of each upazila

from major rivers in degrees, with the smallest value being 0 and

the largest being 0.9051. This was then turned into a distance index,

called d, by subtracting from 1, so that 1 means there is a river in the

upazila and 0.0949 being the furthest away from a river. The flood

index was then multiplied by d to give the final value.

The final equation used for the flood risk in this study is:

IF = d
PEnew − Pmax

Enew

σ (Pmax
Enew

)

Pmax
Enew

was found over the historical CMIP6 model data. To keep

with historical frequency and to only take into account more

damaging floods, it was taken that there was a risk of flood for

numbers above 0.2.

2.2.2 Heatwave prediction
Nissan et al. (2017) created a definition for a heatwave in

Bangladesh: a heatwave is a period with “elevated minimum

and maximum daily temperatures over the 95th percentile for 3

consecutive days.” They found that there is an increase in the death

rate of about 20% during these periods. This definition is similar to

other definitions given for other countries (Tong et al., 2015; Kent

et al., 2014).

As the model developed runs with monthly resolution, the

definition had to be changed to accommodate. It was taken that

a month would be considered a heatwave month if the monthly

average temperature was above the 95th percentile of the modeled

average temperature between 1850 and 2015. This was found to

be 306.8K.

2.2.3 Cyclone prediction
In the 2021 assessment report by the Intergovernmental

Panel on Climate Change (IPCC), it was stated that tropical

cyclone trends are still very uncertain and that different models

lead to very different results (Seneviratne et al., 2021). There

was no good metric for predicting future cyclones in the

literature. Therefore, a simple index for the prediction of the

risk of cyclone formation was developed using a threshold

created from a combination of observational data and historical

model data.

The index was created by looking at the sea surface temperature

and the wind speeds at the times of known cyclones, which were

taken from Table 1 in Mallick and Vogt (2011). Since this record

of cyclones goes from 1960 to 2009, these are the years taken

for the historical baseline. The mean sea surface temperature

was calculated between latitudes 10 and 15 degrees North and

longitudes 80 and 93.5 degrees East from the model data for surface

temperature. The threshold for the sea surface temperature was

found by adding the average mean ocean temperature of this region

to the standard deviation. The wind speed threshold was found

by adding the average mean wind speed and 1.5 multiplied by the

standard deviation of the mean wind speed. The standard deviation

for the wind speed was 1.5 respectively as this gave a similar

frequency of cyclone formation in the historical model data and the

observational data.

2.2.4 Extreme weather indices validation
To validate the ability of the discussed methods to predict

extreme weather events, the frequency of historic events was

compared to the predicted number of events from the model

hindcast. Since the model used had a large grid size before

downscaling, it was decided to perform the validation on a

national level, as the finer details of a regional event would

not be captured. This is also why the frequency of events was

considered rather than the replication of individual historical

events. If reanalysis data with a grid size similar to that of the

size of an upazila was used rather than a hindcast from an

earth system model, validating the results on a more regional

scale may be more worthwhile, which can be done in future

work on this model. The results of this validation are shown in

Section 3.1.

2.3 Translating extreme weather
predictions into migration push factors

Crop yield is the main effect considered for push factors in this

study. It was chosen as it is a relatively simple way of predicting the

change in household income, which is a major driver of migration

(Best et al., 2022). Hasan and Kumar (2021) analyzed the decrease

in agricultural yield in Bangladesh due to extreme weather and

found that in years with floods and cyclones, crop production fell

by an average of 10.83%. Heinicke et al. (2022) looked at the global

crop yield loss with heatwaves and found that an average decrease

of 4.96% across different crop types was due to heatwaves. These

can work as baseline values for the damage caused by different

weather events.
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When the indices for the different extreme weather event risks

are calculated, they are also normalized to be between 0 and 1, with

1 being the maximum risk from the climate model. This is so that

the loss in crop yield can be scaled to the intensity of the extreme

weather event.

For each time step of one month in the model, the model

checks each upazila for an extreme weather event. In the case that

there is one, the normalized index for that event is multiplied by

10.83% (for cyclones and floods) or 4.96% (for heatwaves). This

factor is then multiplied by the agricultural factor of the upazila.

This agricultural factor represents the average yield of the upazila.

At initialization, it is 100 and it resets to 100 at the end of the

harvest season of the primary crop of the upazila. The harvest

seasons and primary crops were based on data from the Bangladesh

Bureau of Statistics’ agricultural survey in 2016 (Statistics and

informatics division, Bangladesh Bureau of Statistics, Government

of the People’s Republic of Bangladesh, 2017).

2.4 Building the agent based model

2.4.1 Model construction
The code for the ABM model for this study is built on the

code from Best et al. (2021), which was used in the analysis of

the interactions of the environment and population migration.

Their model aimed to simulate the migration patterns of towns in

Bangladesh when met with environmental stress. It has different

classes of individuals, households and the community. Each agent

was assigned different instances of these classes and each agent

represented 10,000 people. The role of these different classes within

the model is shown in the flow chart (Figure 1).

The model uses extreme weather and crop yield prediction

to determine whether households feel the effect of the extreme

weather and, as a result, suffer from a loss of income. When an

extreme weather event occurs, agricultural productivity and the

number of available non-agricultural employment opportunities

decrease depending on the type of extreme weather event, its

intensity and the community impact factor. This then affects

the push factors of these households, influencing individuals to

consider migrating. The community impact factor controls the

percentage of an upazila that is affected when an extreme weather

event occurs. A sensitivity analysis is performed on this factor.

The migration decision was made using a hybrid of the Theory

of Planned Behavior, Protection Motivation Theory, and mobility

potential. The Theory of Planned Behavior (Ajzen, 1991) was

used to calculate the perceived benefits of migration. Protection

Motivation Theory (Boer and Seydel, 1996) was used to calculate

the perceived risk of the household to extreme weather conditions.

Mobility potential looks at the capacity of the household to take on

adaptation strategies and the potential “rootedness” of the potential

migrant in the community (Adams, 2016). More information on

the decision calculation can be found in the Model Overview,

Design concepts, and Details (ODD).

Once it is decided that an agent will migrate, the pull calculation

of each of the other upazilas is calculated as described in Section

2.4.2. The agent is then moved to the upazila with the largest

pull factor. Then a new household was created in the destination.

The migrating agent’s information was then copied to this new

household and its individual class instance was removed from its

original household but details of the agent remain so that there is

a way to send remittances back to the household. While sending

remittances is not included in the model at this time, it could be a

feature added with further development. This model also does not

include the death of agents, meaning that agents are continuously

aging. Including more consideration for age would lead to a more

integrative, complex model by adding different socio-economic

characteristics of the agent based on age.

2.4.2 Pull factor calculation
To calculate the pull factor of an upazila, the model multiplies

the number of agricultural employment opportunities available

by the average pay. The number of agricultural employment

opportunities is found by running through each household with

land in the given upazila and finding if they can employ any agents

and howmuch the household can pay them. The average pay is then

the average of how much these households can pay. The product is

calculated for each upazila and the one with the largest product is

selected as the migration destination.

2.4.3 Model assumptions and limitations
In this model, only male agents between the ages of 15 and

35 can migrate as this is the most common demographic among

migrants. This is about 18% of agents at model initialization. There

is still a significant number of women in this same age range

that migrate, but they mostly migrate for marriage rather than

employment, which is a dynamic this model does not consider

(Alam and Mamun, 2022). This limitation has also been used in

previous models, like Best et al. (2021), so keeping it consistent

makes it easier to compare the two models.

This model has a fixed number of agents who age but cannot

die or reproduce. This contradicts the fact that the population will

increase in Bangladesh over the next 50 years.

In the model developed in this study, a migrating agent can

travel to any upazila in the country for a set cost. This is not

realistic and differs from other ABMs modeling Bangladesh (e.g.,

Hassani-Mahmooei and Parris, 2012) that only allow migration to

adjacent districts.

3 Results and discussions

3.1 Results from the extreme weather
indices

3.1.1 Flood prediction
Figure 2 shows the annual average flood index, averaged

over the country, for the historical time period and the future

climate scenarios. While the individual flood events have not been

captured by the flood index, the frequency is similar (17 observed

events vs. 19 predicted events). This is different from the results

of Deo et al. (2019), the study on which this flood index is

based. They found that their flood index captured the individual

historical flood events of Dhaka and Bogra. The discrepancy may

be because a model was used here for the precipitation values,

rather than observational data, which was used by Deo et al.

(2019).
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FIGURE 1

Flow chart showing the model functions for a time step. Based on the model flow chart from Best et al. (2021).

FIGURE 2

Average annual flood index for the historical simulation and di�erent climate scenarios. The blue bars show years of intense flooding according to

A.M. et al. (2003).

3.1.2 Heatwave prediction
The number of heatwave months per 5 year period across the

country is shown in Figure 3. Across all SSP scenarios, there is an

increase in the number of heatwave months per year. Particularly

for SSP5-8.5, which reaches a maximum of 6 heatwave months in

a year by 2100. This makes sense, as with an increase in average

temperature, there are sure to bemore periods of prolonged average

temperature. While they do not put a number to the increase, Choi

et al. (2021) also predict an increase in the frequency of heatwaves

in Bangladesh.

3.1.3 Cyclone prediction
The number of predicted cyclones per 5 year period across

the country is shown in Figure 4. In a period of 28 observed

cyclones, there was a prediction of a risk of 30 cyclones. There

is some overlap of timing, but most occur at different times.

Overall, it seems that the frequency of cyclones is predicted

to increase in all SSP scenarios. As discussed in Section 2.2.3,

there is great uncertainty in the modeled trend of future cyclone

frequency (Seneviratne et al., 2021) and so, it is hard to verify

this result.
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FIGURE 3

Number of heatwave months per 5 year period in di�erent climate scenarios.

FIGURE 4

The predicted number of cyclones per 5 year period for di�erent climate scenarios.
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3.2 Results from the agent based model

The agent based model ran for 480 months, or 40 years, from

2011 to 2050. It was run 10 times for each scenario and an average

of these runs was found. This was due to some randomness that

was introduced by the decision making process. Fourteen thousand

four hundred and five agents were included in the model runs.

Figure 5 shows the accumulative number of migrant agents over

time for the five SSP scenarios. For the different SSP scenarios, it

was found that there was a similar number of migrant agents for

the five scenarios. After the first 10 years, the five scenarios diverged

slightly. This divergence does not get larger than 100 agents. The

number of agents starts to plateau after about 2035. This could be

the result of an already changing climate, that people who have the

desire to migrate due to worsening conditions have migrated once

worsening conditions are noticed in all scenarios. It could also be

a sign that there were no longer any more agents that were able to

migrate. Over the course of the model run, approximately 35% of

the agents were males who at some point were between the ages

of 15 and 35. This means that about 43%–45% of the agents who

could migrate took that opportunity. Since the model runs over 40

years, many of these agents would have aged out of the ability to

migrate toward the end of the model run. This is a large amount of

the available agents.

The issue of the decreasing the number of agents available to

migrate toward the end of the model run could be improved upon

by allowing agents to migrate more than once, allowing women to

migrate by adding social dynamics such as marriage or by adding

in a birth rate so that new agents can be added. This could be

something that can be added to the model, for example, Hassani-

Mahmooei and Parris (2012) include population increase in their

model by introducing new agents based on the current birth rate.

This may address the problemwith themodel running out of agents

who are available to migrate. However, the final suggestion may

only help on a longer time scale. This may also affect the fact

that there is a similar number of migrating agents between the

different SSP scenarios. As time continues, the effects of climate

change increase, meaning that the biggest difference between the

SSP scenarios is felt toward the end of the model runs. An increase

in the number of agents available to migrate would likely contribute

tomore difference between the number ofmigrating agents for each

SSP scenario.

The number of migrants by 2050 was found to be between

2200 and 2300 agents, which is about 15%–16% of agents. This

translates to over 22 million migrants in Bangladesh by 2050.

This is about double the maximum number of migrants found

by Hassani-Mahmooei and Parris (2012). This could indicate that

the threshold for migration in this model is too low. However,

the 2011 census found that 12% of households have a migrant in

the family (Statistics and informatics division, Bangladesh Bureau

of Statistics, Government of the People’s Republic of Bangladesh,

2011). 15%–16% is not too large an increase from this figure.

However, due to the number of limitations of this model and the

uncertainty introduced by climate change and human behavior, the

projection of 22 million internal migrants is to be questioned.

The effect that climate change has on migration can be tested

by changing the community impact factor. The community impact

factor controls the percentage of an upazila that is affected when

an extreme weather event occurs. The community impact factor

was set to 0.4 in all other model runs, as this was the value that

was used by Best et al. (2021). Setting the community impact

factor to 0 essentially removes climate change from the model.

When changing the community impact factor, the vulnerability of

a community to climate change increases the number of migrants,

which is shown in Figure 6. In this case, migration is still observed,

but the numbers are much smaller than for values >0. This shows

that climate change has a significant impact on the migration of

people in Bangladesh. There is a peak in the number of migrations

for a community impact factor between 0.4 and 0.6. This number is

not 1.0, which onemight intuitively expect, as the ability of an agent

tomigrate also depends on their wealth.With increased community

impact, there is less wealth generated in the community and so it is

harder for agents to migrate.

Figure 7 shows the places where migrating agents have left in

different SSP scenarios, for the whole country and then for the

Dhaka district. Most migration appears to be from the center of

the country and Dhaka, where a large proportion of the population

lives. There does not appear to be too much difference in the places

where migrants are leaving between the different climate scenarios.

Figure 8 shows the percentage of agents who were men who were

between the ages of 15 and 35 at some point over themodel run that

migrated. Like Figure 7, there is no strong difference between the

different climate scenarios. Most areas see the migration of about

40%–60% of potential migrants. Under different SSP scenarios,

there are areas that experience large amounts of outwardmigration,

up to 90% in some cases. These could be areas where there are

more climate stresses in the given scenario. There are not many

migrants from the coastal regions, where there is more vulnerability

to cyclones and coastal flooding (Bernard et al., 2022). This could be

because the population along the coast is comparably less dense (see

Figure 1, Sarwar et al., 2005), and so fewer people per upazila are

migrating. Coastal flooding was not included in this study. Perhaps

its inclusion would have led to more migration from the south as

there is evidence of population displacement due to storm surges

and long-standing inundation (Bernard et al., 2022).

Figure 9 shows the number of migrants moving to each upazila

for different SSP scenarios, for the country and the Dhaka district.

The central regions are the most popular destinations. Likely

because there is more job availability in these more populated

areas (Statistics and informatics division, Bangladesh Bureau of

Statistics, Government of the People’s Republic of Bangladesh,

2011). Dhaka city itself is not so popular as a destination. This

is likely because the pull factor was calculated using agriculture

employment opportunities only and the city would have fewer of

these positions. Much like the origin of migrants, the choice of

destination does not appear to change too much with different

SSP scenarios.

The total change in population due to migration for the

different SSP scenarios is shown in Figure 10. Most of the change

is limited to the southeast and center of the country. The

infrastructure in the center, in many areas, is already strained

(Rahaman et al., 2023). It is unlikely that these communities will

be able to handle more inward migration over the next 40 years

without adequate planning.
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FIGURE 5

Top: Accumulative number of migrating agents for the whole country over time for di�erent SSP scenarios. Fourteen thousand four hundred and five

agents were included in the model runs.

FIGURE 6

The number of migrating agents for di�erent values of community impact factor at the termination of a model run of 60 ticks, or 5 years, for a

sample of 10 upazilas, or 230 agents. The orange curve represents the quadratic line of best fit. A larger community impact factor means a higher

proportion of households a�ected by extreme weather events in an a�ected upazila. The community impact factor was set to 0.4 in all other model

runs, as discussed in Section 2.4.

The majority of upazilas do not experience a net out-migration,

and if they do, the population decrease due to this is less than

0.5%, where the inward and outward migration balance each

other. Annual population growth in Bangladesh was about 1%

in 2023 (United Nations, Department of Economic and Social

Affairs, Population Division, 2024). Assuming that this population
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FIGURE 7

Map of the accumulative number of migrating agents leaving each upazila for di�erent SSP scenarios. On the left is the country of Bangladesh and

on the right is the district of the city of Dhaka, upazilas with ID codes 3026XX.

increase is uniform across the country, the population in these

upazila should be stable, with the population age distribution

skewing younger as people of working age migrate.

Hassani-Mahmooei and Parris (2012) also saw that the largest

change in population would be seen in the southeast and center

of the country. They also predicted that there would be a smaller

increase in the population in the north. While this model found

that there would also be an increase, it was not as large as the

predicted increase from Hassani-Mahmooei and Parris (2012). Bell

et al. (2021) predicted that migration would increase the population

in the central south and southeast, which can be seen in some

upazilas. However, they also predicted that there would be a large

decrease in the population of Dhaka and the surrounding areas,

which is not observed in this model. There is some decrease in some

Frontiers inClimate 10 frontiersin.org

https://doi.org/10.3389/fclim.2025.1567481
https://www.frontiersin.org/journals/climate
https://www.frontiersin.org


O’Neill et al. 10.3389/fclim.2025.1567481

FIGURE 8

Map of the percentage of agents who could migrate that did from each upazila for di�erent SSP scenarios. On the left is the country of Bangladesh

and on the right is the district of the city of Dhaka, upazilas with ID codes 3026XX.

of the upazilas in the center of the country, but not on the scale of

Bell et al. (2021).

One of the limitations of this model is the fact that agents

are free to choose any upazila as their destination, which is

unrealistic as discussed in Section 2.4.3. If the cost of migration

was dynamic and depended on distance, this would most likely

affect the destination decision. It would probably lead to more

migrants moving to upazilas adjacent to their upazila of origin. This
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FIGURE 9

Map of the number of accumulative migrating agents arriving to each upazila for di�erent SSP scenarios. On the left is the country of Bangladesh and

on the right is the district of the city of Dhaka, upazilas with ID codes 3026XX.

might mean that the increase in population due to migration in

Dhaka and the surrounding areas may not be observed, as many of

these migrants are traveling frommultiple upazilas away. However,

the economic opportunities offered by these destinations may be

enough to overcome the extra cost of migrating.

Climate change will not only affect the agricultural sector.

Workers’ health is in danger across many fields of employment

(Schulte et al., 2016). This and other factors will negatively

affect the productivity of the economy (Wade and Jennings,

2016). This means a loss of income and migration for people
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FIGURE 10

Percentage change in upazila population per SSP scenario due to climate migration. On the left is the country of Bangladesh and on the right is the

district of the city of Dhaka, upazilas with ID codes 3026XX.

of all sectors. The model developed in this study divides

employment into two categories: agriculture and other. While

there is a mechanic for decreasing the number of non-

agricultural employment opportunities, it is not as detailed as

the one for agricultural employment opportunities. There is also

no decrease in income for these other employments. If the

economics of this model were to be improved upon, it could

be done as a development of the effects that extreme weather

has on non-agricultural sectors, such as on construction or

power supply.

This model does not consider the reduction in mobility that

can be caused by extreme weather. While weather extremes can

lead to the movement of people, they can also have an inhibiting

factor on migration (Call et al., 2017). For example, floods may

damage roads or dehydration during droughtsmay leave people too

weak to travel. This is potentially captured by the loss of income
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during these periods, but it could be interesting to see the effects

of a sort of "block" in the model that would reduce mobility after

extreme weather.

Seasonal migration is common in Bangladesh for agricultural

work (Khandker et al., 2012). The model developed in this study

does not allow for seasonal or return migration. This is one of

the weaknesses of this model. The inclusion of seasonal migration

would likely increase the comparability of this model to the real

world. The model presented by Entwisle et al. (2020) showed that

out-migration and return migration are affected differently by the

same type of extreme weather events.

An ABM for migration in Thailand presented by Entwisle

et al. (2016) includes not only the births and deaths of agents,

but also return migration, marriage and the establishment of new

households. The inclusion of such social processes adds real-

life complexity to a social network within a model. These social

networks play a role in the migration decision (Haug, 2008) and

so could potentially increase the accuracy of a model like the one

presented in this study.

As mentioned before, areas that are projected to experience

large amounts of immigration are unlikely to be able to

accommodate arriving migrants without improvements to local

infrastructure. Also, areas that are projected to have around 90%

of their working male population migrating, as seen in Figure 8,

may struggle with unfilled employment opportunities and an aging

population. Amodel, like this one, can be used by governments and

community leaders to help decide where funding would be best

allocated to prepare for incoming migrants. Of course, there is a

danger of over-reliance onmodels. Both climate change and human

behavior add uncertainty to the results. What is presented in this

study is just one possible outcome. If different assumptions were

used, the results could look very different. There are many ways in

which this model can be improved, such as by the inclusion of more

dynamic social processes like in the ABM developed by Entwisle

et al. (2016), or the potential inhibiting factor that some extreme

weather events can have on migration, for example, floods blocking

roads and other infrastructure (Call et al., 2017). Since there are

many sources of uncertainty in the grand total of migrants in this

model, the results should not be taken as a prediction of future

migration numbers. However, this study introduces a new method

of finding areas that are more prone to extreme weather events and

projecting the migration patterns to and from these places. The

model can still be used to indicate areas that may need additional

support when receiving migrants in the coming decades.

4 Conclusions

For governments and communities to prepare for the potential

increase in migration that is brought about by climate change,

models need to be developed that can indicate where this migration

will be occurring. This study looked at the influence that the

inclusion of climatological data can have on an agent based model

that is used to model migration in Bangladesh. The inclusion of a

dynamical climate component has not been used before in climate

migration modeling for Bangladesh. This study also considers

the effects of multiple types of extreme weather events. The

model includes the simple climate variables of surface temperature,

precipitation and wind speed and translates them into indices

predicting the frequency and intensity of floods, heatwaves and

cyclones. The prediction metrics for floods and heatwaves were

built on previous studies, while a simple prediction metric for

cyclones was created based on ocean surface temperature and wind

speed thresholds. The effect that these extreme weather events have

on agriculture was investigated and a way to translate intensity into

loss of crop yield was found. This could then be included in the

agent based model that had been developed by Best et al. (2021).

This model was also adjusted so that it could be used as a sort of

box model for the country of Bangladesh. It can now be used to

model migration decisions and patterns on an upazila resolution.

The model found that there could potentially be over 22

million internal migrants in Bangladesh before 2050. The number

of migrants found in this study is much higher than other studies

done on climate migration in Bangladesh. This could be due to the

social parameters for migration decision-making being set too low

so that it is easy to decide to migrate. In terms of the origin and

destination ofmigrants, the results were similar to those of Hassani-

Mahmooei and Parris (2012) who found that climate change would

lead people in Bangladesh to migrate to the center of the country.

There are many known limitations of this model, for example,

the inability to capture the birth and death of agents or a more

refined process for evaluating the effect of climate change on non-

agricultural employment opportunities. As discussed in Section

2.4.3, there are existing models that address these limitations. The

inclusion of these dynamics will lead to a richer model.

While there are still many ways in which this model can be

improved upon and developed, it is promising to see the similarities

in results to previous work in this area. The incorporation of a

dynamic climate model into a migration ABM has allowed for

the forecasting of migration on an upazila level, the smallest

administrative region of Bangladesh, based on climate projections.

This model also looks at the effects of multiple extreme weather

events, meaning that a more holistic picture of climate migration in

Bangladesh can be made. This means that we can project where and

when climate migration could occur, allowing for the government

and communities to better prepare to take in migrants or to tackle

the challenges of decreasing population.
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