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Abstract:  As climate change threatens livelihoods, receiving areas may require additional 

support to accommodate climate refugees from Bangladesh. We use multiple types of data to 

predict how changes in the environment affect cross-border migration. Nationally representative 

migration data are combined with remote sensing measures of flooding and rainfall and in situ 

measures of monsoon onset, temperature, radiation, and soil salinity to characterize 

environmental migration patterns. We further evaluate which groups are more susceptible to 

cross-border migration to examine how environmental factors shape the demographic 

composition of the country. We find migration to neighboring countries declines with short-term, 

adverse weather but increases with soil salinity, which remains persistent among poorer 

households. Heat stress uniquely increases the migration of wealthier households, raising 

concerns over capital flight. Investments targeting risks faced by the poor and non-poor remains 

crucial, as retention of the earnings and intellectual capacity of the latter enhances national 

resilience.    
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I. Introduction 

 

Global climate change poses numerous future environmental stressors on Bangladesh, rendering 

individuals susceptible to displacement (Hijioka et al., 2014). Of recent interest is the threat sea 

level rise engenders on the submergence of land in 120 years, inhabited by 49 percent of the 

Bangladesh population living in the low-elevation coastal zone (LECZ) (Neumann et al., 2015, 

Clark et al., 2016). Thus far, the migration literature designates sufficient attention to the 

consequences of atypical flooding during the monsoon season, perhaps due to widespread 

accounts of the temporary displacement of households and the nature of humanitarian assistance 

drawn to the country during these periodic episodes (Penning-Rowsell et al., 2013; Call, 2016). 

However, despite their pecuniary damages, flooding, caused from storm surges and riverbank 

overflows, rarely influences permanent migration within Bangladesh (Gray and Mueller, 2012; 

Liu et al., 2016; Chen et al., 2017). This potentially leaves a substantive number of human lives 

vulnerable to imminent economic and social insecurity in the wake of global climate change 

without additional external efforts to support and initiate relocation programs.  

There are a few explanations for why the existing literature may fail to observe 

permanent migratory responses to flooding. First, previous studies focus on precipitation-based 

(Call, 2016) or self-reported measures of inundation (Gray and Mueller, 2012) rather than 

remote-sensing metrics which consider topographical characteristics when defining exposure 

(Guiteras et al., 2015; Chen et al., 2017; Davis et al., 2018).  More importantly, they also ignore 

how exposure to flooding can intensify risk of salinity intrusion (Dasgupta et al., 2016; Chen and 

Mueller, 2018). The main sources of salinity arise from tidal inundation in low-lying deltas, use 

of irrigated water from contaminated surface and groundwater resources during the dry season, 

and the upward movement of salt from groundwater reservoirs (Clark et al., 2015; Payo et al., 
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2017). The lack of rainfall during the dry season renders farmers more susceptible to crop losses, 

due the inability to dilute salt from the soil, replenish irrigated salt water with freshwater from 

upstream, and the extended usage of irrigated water to sustain crops (Dasgupta et al., 2014; Clark 

et al., 2015). Migration may be a viable adaptive response to the realization of salinity, given its 

detriment to rice productivity (Alauddin and Sharma, 2013; Alauddin et al., 2014) and the 

paucity of available high-yield varieties tolerant to high-saline content (Alpuerto et al., 2009). 

Therefore, analyses which incorporate more accurate representations of inundation as well as the 

additional dimension of soil salinity may improve the ability to empirically detect increasing 

rates of environmental migration, assuming agricultural productivity losses underlie permanent 

migration patterns (Feng et al., 2010; Cai et al., 2016).  

Private adaptation to repeated inundation may offer a second reason for observed patterns 

of temporary rather than permanent climate migration. Floods improve the quality of the soil, 

and, consequently, yields (Banerjee, 2010). In result, farmers have learned to adjust the duration 

of agricultural cycles to accommodate the sporadic timing of the onset of the monsoon and the 

ensuing heavy rainfall. In addition, farmers near rivers and coastal areas, the sources of most 

flooding, have begun to modify their cultivation practices to account for changes in inundation 

through extended cycling of aquaculture (Khanom, 2016). While these adaptive measures are 

critical coping strategies against crop losses from flooding, the creation of fish ponds can lead to 

deterioration of river embankments, exacerbating future flood risk.1  

The dearth of studies validating flood-induced displacement may also arise from the 

absence of data measuring a variety of migration patterns engaged by individuals to cope with 

                                                      
1 In coastal areas, households often engage in shrimp cultivation and voluntarily introduce saline water to create 

brackish ponds. This endangers future crop production through the enhancement of salinity in the water and soil, 

often leading to discord and conflict within communities (Sovacool, 2018).    
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related risks. While destinations of environmental migrants are often within close proximity to 

their origin (Fussell et al., 2014), moving to an adjacent country may appear relatively more 

desirable to a migrant than moving to a major city in Bangladesh. Increasing population pressure 

in cities has worsened the competition for jobs, housing, and services, as well as exacerbated 

inherent disamenities, such as congestion and pollution (Alam, 2003). Although likely peripheral 

to the decision to relocate, many of these once prime destinations face similar threats of flooding 

and submergence. Thus, the employment prospects and quality of life available in neighboring 

countries may attract climate migrants, particularly in locations where they possess social or 

familial connections.2 The increasing importance of cross-border migration to vulnerable 

households is rarely quantified in the literature, with the main exception being for Mexico-U.S 

migration (Feng et al., 2010; Nawrotzki et al., 2015).3 This is primarily due to a lack of 

nationally representative time series data on individual international migration patterns that can 

be linked to equivalent time-varying information pertaining to the individuals’ demographics and 

wealth, and levels of climate exposure at the origin prior to migration.  

We therefore use multiple types of data to predict how future changes in the environment 

in Bangladesh will affect mobility patterns to the South Asian subcontinent (Bhutan, India, 

Nepal, Pakistan, and Sri Lanka). Nationally representative migration data from 2005 to 2011 are 

collected through the Bangladesh Bureau of Statistics vital registration records. We combine the 

migration data with remote sensing measures of sub-district flooding and rainfall and in situ 

                                                      
2 We are broadly generalizing the migrant’s destination decision, where the density of the social network at a 

particular destination proxies reductions in moving costs and risks of unemployment through job contacts 

(Carrington et al., 1996; Munshi, 2003). However, Nawrotzki et al. (2015) interestingly find that access to social 

networks suppresses the probability of environmental migration as they offer would-be-migrants and their 

corresponding households other forms of adaptation to climate change at the origin.   
3 A few macroeconomic studies have examined the effects of climate on bilateral migration flows (Beine and 

Parsons, 2015; Cattaneo and Peri, 2017). A novel global study calculates the economic effect of sea level rise 

accounting for changes in a variety of factors, including migration using population data (Desmet et al., 2018). 
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measures of monsoon onset, temperature, radiation, and soil salinity. With the exception of 

salinization, all environmental variables are reflected as anomalies over one-, two- and three-year 

periods to characterize migration patterns under different durations of exposure. We further 

evaluate which demographic groups are more susceptible to moving to an adjacent country to 

reflect how environmental factors may alter the demographic composition of the country. 

Our analysis aims to identify potential hot spots for climate migrants in a region prone to 

natural disasters, elevated sea levels, and political insecurity. Over 15 million Bangladeshis have 

already manifested in India seeking asylum or economic opportunities, allegedly placing social 

and economic stress on receiving areas (Alam, 2003; Tripathi, 2016). To dissuade migrants from 

entering the country, a barbed-wire fence was constructed by India along the heavily trafficked 

border (Tripathi, 2016). Pressured by political constituents in key receiving areas, the 

government of India recently issued a national registry as well as maintaining detention camps to 

regulate “illegal” immigration (Dutta, 2018). As climate change threatens livelihoods in 

Bangladesh, increased political unrest in this region may prompt the international community to 

consider providing additional support to accommodate climate change refugees both within and 

across borders. 

 

II. Conceptual Framework and Key Hypotheses 

The New Economics of Labor Migration conceptualizes migration as a risk management strategy 

for households residing in agrarian economies without formal capital markets or insurance 

mechanisms (Stark and Bloom, 1985; Stark and Lucas, 1988). Households spatially allocate 

members of the family to mitigate known income risks determined by the historical distribution 

of environmental parameters (Rosenzweig and Stark, 1989) or environmental shocks (Dillon et 
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al., 2012). Reducing total household vulnerability to environmental risks arises in two forms due 

to shifts in distance and sectoral diversification. First, migrants remaining employed in the 

agricultural sector, yet at a distant location, will lower the household’s exposure to income risk, 

given the relatively low correlation between environmental variables at origin and destination 

(Rosenzweig and Stark, 1989). Second, non-agricultural sectors, such as construction and 

services, that attract migrant family members to foreign locations (or nearby cities) will be 

largely immune to the environmental risks faced by standard agricultural enterprises (Colmer, 

2018).4 

 We evaluate the extent households employ migration as a risk management strategy in 

Bangladesh, where both annual variability – in temperature, precipitation, and radiation – and 

emergent conditions – sea level rise, cyclones and other natural disasters – threaten economic 

livelihoods. In our context, cross-border migration that stems from environmental/climate risk 

may be motivated by a few mechanisms. Farmers may respond to the damages incurred on their 

own farm by sponsoring family members to migrate abroad to access auxiliary income (Stark 

and Lucas, 1988).5 Additionally, farmers may reduce their demand for hired agricultural wage 

laborers—those who aid in land preparation or harvesting--causing an increase in the supply of 

migrant labor within vulnerable communities (Jayachandran, 2006). These channels suggest 

losses to agricultural income (Feng et al., 2010; Cai et al., 2016) or assets (Bohra-Mishra et al., 

2014) underlie the use of migration to manage income risk ex post. An additional mechanism 

                                                      
4 Emerging evidence from Chinese manufacturing firms suggests there may be long-term risks from gradual 

increases in temperature through its effect on both labor and capital (Zhang et al., 2017). Previous macroeconomic 

studies link changes in economic growth with changes in climate (Hsiang, 2010; Dell et al., 2012; Burke et al., 

2015). 
5 Numerous assessments have deemed the prolonged submergence of land attributable to the 1998 “flood of the 

century” particularly damaging to markets and welfare in Bangladesh (del Ninno et al., 2003; del Ninno and 

Lundberg, 2005; Mueller and Quisumbing, 2011). Recent work has directed attention to the deleterious impacts of 

soil salinity, given changes in the amplitude and frequency of sea level extremes from storm events and tides, on rice 

productivity (Alauddin et al., 2013; Alauddin et al., 2014).   
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underlying migration may relate to the evolution of perceptions on flooding risk, inducing 

households to engage in forward-looking adaptive behavior (Dillon et al., 2012; Kleemans, 2015; 

Quiñones, 2018). This channel is more difficult to verify for our environmental variables of 

interest, since we lack adequate data to represent the historical distribution of soil salinity and 

inundation. We further are unable to distinguish households by how they formulate expectations 

on future income without having conducted behavioral experiments parallel to the vital 

registration survey process. However, an empirical specification supportive of a positive 

relationship between cross-border migration and flooding would remain consistent with such 

forward-looking adaptive behavior, particularly in the absence of complementary changes in own 

income and assets. With these underlying drivers of environmental migration in mind, we 

examine the validity of the following hypothesis: Exposure to flooding positively affects cross-

border migration in Bangladesh, through the combined effects of inundation and soil salinity on 

livelihoods.  

 Our main hypothesis implicitly assumes that households are able to overcome strong 

deterrents to international migration, which is particularly challenging among certain 

subpopulations within developing countries. The impoverished are unlikely to obtain the 

liquidity to finance international migration (Halliday, 2006; Bryan et al., 2014; Angelucci, 2015; 

Kleemans, 2015; Hirvonen, 2015; Bazzi et al., 2017). Moreover, only individuals with sufficient 

human capital endowments will be capable of securing employment abroad due to requirements 

on worker ability to transfer skills across sectors, converse in multiple languages, and possess 

soft skills in a setting with quite distinct social and cultural norms.6 We therefore amend our first 

                                                      
6 There are numerous additional barriers to migration that we cannot explicitly address in this paper. These barriers 

include having insecure property rights (de Brauw and Mueller, 2014; de Janvry et al., 2015), having a strong 

attachment to place (Bell et al., 2018), or even the psychic costs associated with moving (Sjaastad, 1962; Chen et al., 

2019).  
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hypothesis to consider heterogeneity in cross-border migration response: Households endowed 

with human or physical capital are more inclined to take advantage of employment opportunities 

abroad to minimize climate-related income risk. Empirical support for this hypothesis offers a 

link between climate change, brain drain, and a potential reversion in economic development 

(Drabo and Mbaye, 2015).  

 

III. Data 

Socio-Economic Data. Migration poses unique challenges to data collection, as mobility makes 

respondents difficult to locate, particularly for large-scale surveys. On the other hand, 

longitudinal surveys with high quality tracking tend to be much more limited in size and scope, 

both temporally and geographically. Our data represents a sort of middle ground. The 

Bangladesh Bureau of Statistics’s Sample Vital Registration System (SVRS) is conducted 

annually to update inter-censal population statistics at the district (zila) level. Sampling is 

stratified at the locality level, to achieve representation across rural, urban, and metropolitan 

areas. Approximately 200,000 households (1 million individuals) are surveyed each year. The 

data include basic demographic characteristics, construction materials for the main dwelling, and 

use of improved sources of utilities and latrines. Migration information is reported only for 

individuals who have been away for at least six months or left due to household displacement or 

marriage. Chen and Mueller (2018) provide more details regarding the data collection process, 

sampling frame, and variables included in the SVRS. 

 Summary statistics are presented in Table 1. One benefit of large administrative datasets 

is that, from 2005-2011, we have a total of 1,693,312 observations at the household-year level. 

The flow of international migrants from Bangladesh is modest. In our sample, approximately 4.3 

out of every 10,000 households had at least one member emigrating to the region within the last 
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year. India is the most common destination by an order of magnitude. Household headship in the 

Bangladeshi context is predominantly male and Muslim, and literacy rates remain quite low at 

just under 50%. Most households in our sample are quite poor, with less than 10% having access 

to tap water, just over half having access to electricity, and only 57% using modern latrines. 

Remote Sensing Data. Data on inundation are constructed from NASA’s MODIS 

(Moderate Resolution Imaging Spectro-radiometer) satellite. Images are aggregated into 8-day 

composites that provide the best possible observation during the period, and each pixel in an 

image captures an area of 500m2. Cloud cover impairs visibility in satellite images, especially 

during the monsoon season.  However, Islam et. al. (2010) verifies the quality of the MODIS-

based measure used here in Bangladesh, through its high correlation with more reliable measures 

which can only be constructed over small geographic and temporal scales.  

Following previous studies in Bangladesh (Guiteras et al., 2015; Chen et al., 2017; Chen 

and Mueller, 2018), inundation is represented by the Modified Normalized Difference Water 

Index (MNDWI) (Xu, 2006). The MNDWI delineates water and non-water features based on 

differences in surface reflectance, and provides greater accuracy than other available band-ratio 

indices (Ji et. al., 2009; Ogilvie et. al., 2015). A pixel with an MNDWI value greater than 0.1 is 

considered water. To translate pixel information to the subdistrict (upazila) level, we use the 

maximum percentage of water pixels over all 8-day composites in the period. Sub-district level 

inundation is captured by the difference in the percentages of water pixels between the monsoon 

(July-Dec) and dry (Jan-Mar) seasons within a given year to distinguish water bodies from 

flooding.  

Data on rainfall are drawn from NASA’s Tropical Rainfall Measuring Mission (TRMM), 

which generates precipitation values of 0.25 x 0.25° resolution. Use of TRMM overcomes the 
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tendency to underestimate precipitation due to missing responses from rain gauges. Although 

TRMM is also subject to its own set of criticisms detailed in Chen et al. (2018), correlations 

between TRMM and rain gauge data remain remarkably high (Tarek et. al., 2017). Following the 

recommendation of Islam and Uyeda (2007), we focus on monthly precipitation values extracted 

from TRMM to reduce measurement error and the bias it may incur on our parameter estimates 

of interest.   

In Situ Data. The Bangladesh Meteorological Department’s (BMD) has 34 weather 

stations around the country, roughly one station per district. These stations collect hourly 

information on temperature and rainfall, and monthly information on bright sun exposure. We 

fill the data gaps from missing observations with values obtained from the closest station. From 

this data source, we create annual averages for minimum and maximum temperature and bright 

sun exposure.  

The timing of the monsoon is a significant predictor of yields in rainfed agriculture 

(Rosenzweig and Binswanger, 1993). We therefore use a more comprehensive source of daily 

rainfall data (500+ weather stations) from the Bangladesh Water Development Board to generate 

an explanatory variable for monsoon onset. Following May 1st, we consider the day to be the 

onset of the monsoon if it follows three or more days which had rainfall amounts of at least 5 

mm (Ahmed and Karmakar, 1993). The units  of our explanatory variable are expressed as the 

number of days after May 1st.  

Measures of soil salinity are based on field surveys conducted in 18 of the 64 districts of 

Bangladesh by the Soil Resource Development Institute, an agency of Bangladesh’s Ministry of 

Agriculture (SRDI, 2012). Detailed topographical, aerial, and landform maps were used to draw 

traverse lines 3-4 km apart throughout the coastal region (excluding the protected Sundarbans 
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area). Along the traverse lines, a total of 2,500 soil samples were collected and tested for 

electrical conductivity and pH in 1988, 2000 and 2009. From these values, 2005 (2006-2011) 

salinity is classified by whether the electrical conductivity is greater than or equal to 2.0 dS/m in 

2000 (2009).  Our measure of soil salinity exposure is then the percentage of land area in each 

subdistrict with saline contamination. Of the 147 sub-districts in our sample, 32% have no 

discernible soil salinity in both surveys, 31% have a decrease in the percentage of saline-

contaminated land between 2001 and 2009, and 37% have an increase. Sub-districts outside the 

coastal region are, by default, assigned a value of zero for soil salinity. Therefore, our estimates 

should be interpreted as the effect of salinity in the coastal region specifically and may not be 

applicable to cases of inland soil salinity (e.g., via irrigation, saline groundwater). 

 

IV. Methodology 

Our primary outcome of interest is the number of cross-border migrants from each household. 

We focus on destinations closest to Bangladesh: India, Pakistan, Nepal, Sri Lanka, and Bhutan.7 

India alone accounts for a little over 80% of the migration to this region, so we also examine 

migration flows to this specific destination. The long and rocky history between these two 

countries, along with rising tensions between ethnic and religious groups in border areas 

(Schultz, 2018), also make this a particularly pressing policy concern. To estimate the effect of 

environmental factors on the flow of migrants, we utilize a negative binomial specification to 

account for the outcome being a count variable with over-dispersion. The regression equation 

can be expressed as follows:  

𝑀ℎ𝑗𝑡 = 𝜷𝒁ℎ𝑗𝑡 + 𝜹𝑿ℎ𝑗𝑡−1 + 𝜃𝑆𝑆𝑗𝑡−1 + 𝜃𝑆,1988𝑆𝑗1988 + 𝜏𝑡 + 𝜇ℎ𝑗𝑡 , 

                                                      
7 Migration to these countries accounts for 38 percent of international moves, where the remaining share of migrants 

arrive in the Middle East. 
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where M represents the number of migrants to a specific destination from a household h in sub-

district j at time t.  

We include a suite of environmental variables in X that are known to affect rice yields in 

Southeast Asia (Welch et al., 2010). In particular, we use flooding, total annual precipitation, 

average annual minimum and maximum temperatures, average annual solar radiation, and the 

annual onset of monsoon rainfall, all lagged by one year. With the exception of the monsoon 

onset date, we standardize these variables with the sub-district or weather station-specific mean 

and standard deviation. Onset of the monsoon is normalized to be the deviation from the mode 

onset date for the sub-district over the previous 30 years. Our estimates, therefore, reflect 

responses to abnormal weather conditions rather than prior and/or long-standing adaptation 

strategies. This approach is in lieu of using level versions of the environmental variables in a 

regional fixed effects model. The relatively limited temporal and spatial coverage of our 

environmental variables, particularly salinity and radiation, suggest that our control variables are 

measured with error. The inclusion of fixed effects would exacerbate this measurement error and 

lead us to understate the importance of environmental factors in international migration.  

Data on salinity St-1 are sparser, due to the high cost of soil testing. As described above, 

soil salinity estimates from the year 2000 are linked to migration data for 2005, and findings 

from 2009 are linked to years 2006-2010. There is a high degree of variability in soil salinity 

over time, as it is determined not only by tidal flooding but complex processes involving rainfall, 

elevation, irrigation, and crop choice. Therefore, standardizing the salinity measure does not 

account for underlying heterogeneity in the risk of saline contamination. Instead, we control for 

historical soil salinity S1988, motivated by the observation that the total salt affected area has 

expanded fairly steadily over time, with an increase of 26.7% between 1973 and 2009.  
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We further condition on Z, which includes household demographic and wealth variables 

known to influence agricultural production: age, age-squared, literacy, and religion of the 

household head; the number of household members in eight age-sex categories (number of 

male/female household members 0-5 years old, 6-16 years old, 17-54 years old, greater than 54 

years old); indicators for whether the household is in the coastal zone8 or the drought-prone areas 

of the Northwest9; indicators for whether the household has improved water and latrine facilities 

(primary water source comes from tap, primary water source comes from well, secondary water 

source comes from tap, secondary water source comes from well, has its own water source, has 

modern or sanitary latrine); and sources of energy (has kerosene as a source of light, has 

electricity as a source of light, has kerosene as a source of fuel, has electricity as a source of fuel, 

has gas as a source of fuel). Aggregate time-specific factors that influence agricultural 

production and prices are captured by a time fixed effect 𝜏𝑡. Finally, standard errors are clustered 

at the sub-district level, the unit of measurement for environmental exposure, to allow for the 

spatial correlation in unobserved factors influencing migration (Bertrand et al., 2004).  

To explore additional dimensions of the international migration-environment, we 

estimate two alternate specifications. First, we construct two- and three-year lags for 

temperature, radiation, and rainfall to look for persistent migration effects over time. This is done 

by first averaging the lagged values and then standardizing based on the long-run mean and 

                                                      
8 A value of 1 is assigned to the following districts: Satkhira, Jessore, Narail, Gopalganj, Khulna, Bagerhat, 

Pirojpur, Barguna, Jhalokati, Patuakhali, Barisal, Bhola, Shariatpur, Chandpur, Noakhalim, Feni, Lakshmipur, 

Chittagong, Cox’s Bazar, and Madaripur. Note that, because salinity data is available only for these districts, the 

coastal indicator accounts for both regional differences in migration and the mass point at zero in our salinity 

measure. 
9 A value of 1 is assigned to the following districts: Bogra, Joypurhat, Naogaon, Pabna, Rajshahi, Dinajpur, 

Rangpur, Nilphamari, Sirajgong, Kurigram, Lalmonirhat, Nawabgong, Natore. 
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standard deviation for the sub-district. Second, we estimate an expanded model that includes 

interactions between our environmental variables and group-level indicators (G) as follows:  

𝑀ℎ𝑗𝑡 = 𝜷𝒁ℎ𝑗𝑡 + (𝜹 + 𝜹𝑮)𝑿ℎ𝑗𝑡−1 + (𝜃𝑆 + 𝜃𝑆
𝐺)𝑆𝑗𝑡−1 + (𝜃𝑆,1988 + 𝜃𝑆,1988

𝐺 )𝑆𝑗1988 + 𝐺ℎ𝑗𝑡 + 𝜏𝑡 + 𝜇ℎ𝑗𝑡 

The coefficients on the un-interacted variables then indicate the baseline response, while the 

interaction effects then show how and if the response differs significantly across groups. In one 

set of specifications, groups are defined by geographic region – the coastal zone at risk of saline 

intrusion, and districts in the Northwest at risk of drought. In a second set of specifications, 

groups are defined according to the gender/age composition and wealth of the household. This 

allows us to test our second hypothesis and determine whether migration responses differ with 

household endowments. Specifically, we compare groups by whether their values for the 

following variables are above or below: the median number of female household members 

divided by the total number of household members (sex ratio); the median number of household 

members age 35 or older divided by the total number of household members (age ratio); and the 

top quintile for the asset index. For the latter, we use principal components analysis to construct 

an asset index based on the survey indicators for household water and energy sources10 (Filmer 

and Pritchett, 2001). 

 

V. Results 

Table 2 presents our main results (Panel A), with coefficients reported as incidence rate ratios.11 

Higher than usual sun exposure and precipitation have significant negative effects on migration 

to other South Asian countries. A one standard deviation increase in radiation reduces the 

                                                      
10 Primary water source comes from tap, primary water source comes from well, secondary water source comes from 

tap, secondary water source comes from well, has its own water source, has modern or sanitary latrine. 
11 An incidence rate ratio less than one indicates a lower risk of the incident occurring, while a ratio greater than one 

indicates a higher risk. 
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likelihood of migration by about 29%, and the effect for rainfall is even larger at roughly 42%. 

Maximum temperature also has a negative effect, though it is not significant at conventional 

levels (p-value=0.16). All three factors have been found to reduce rice yields in this region 

(Welch et. al., 2010 and Auffhammer et. al., 2012).  

Flooding is also found to have a significant negative effect on migration. A one standard 

deviation increase in the area inundated reduces migration by 10%. Countervailing effects of 

inundation on production may explain the negative relationship between international migration 

and inundation. Inundation, particularly in extreme cases such as typhoons, has been documented 

to cause large crop losses (Redfern et. al., 2012). However, flooding has also been found to 

increase yields in subsequent years due to its positive effect on soil nutrients (Banerjee, 2010). 

Our flooding coefficient could therefore reflect the lack of funds available to the household to 

finance an international move (Stecklov, 2005; Angelucci, 2015) or the positive flooding 

externalities to production which may draw household members back to work in the fields 

(Banerjee, 2010). 

In contrast to findings on inundation, higher soil salinity, which has a clear negative 

effect on rice yields (Hussain et. al., 2018), has a significant and very large positive effect on 

migration. A one standard deviation increase in salinity increases migration by a factor of 18.12 

The effects are very similar when looking at migration to India and estimates more precise. This 

suggests that motives to migrate to other countries in the region are more heterogeneous, while 

migration to India is more strongly linked to environmental risk factors. 

Taken together, our results suggest that households are less likely to send migrants when 

faced with fluctuations in weather – temperature, radiation, precipitation, and flooding. Flooding 

                                                      
12 The figure is calculated by multiplying the incidence rate ratio (1.036) by the standard deviation of salinity 

reported in Table 1 (17.255). 
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is found to have the smallest negative effect on migration, consistent with the finding that 

flooding can be beneficial in subsequent years. A significant drawback of using a large 

administrative dataset is the lack of detailed survey questions that would allow us to explore 

more carefully the motives for and impediments to migration. Therefore, we can only speculate 

as to the underlying causal effects in light of existing literature. Income losses tend to create 

liquidity constraints that impede migration or encourage the choice of internal destinations over 

cross-border migration (Kleemans, 2015). Households may also increase use of family labor on 

the farm to offset adverse weather conditions or in local off-farm employment rather than engage 

in costly and risky migration (Bryan et. al., 2014). In contrast, salinity in the soil is slow to 

dissipate. Its large positive effect on migration may suggest that households are cognizant of 

which factors will have persistent adverse effects on local livelihoods and are responding 

accordingly (Dillon et al., 2012; Quiñones, 2018).  

Looking over longer time frames (Table 2, Panels B and C) reveals similar effects, and 

also provides empirical support that certain types of shocks can have enduring consequences on 

cross-border migration. For example, we observe a 29 percent decline in cross-border migration, 

when framing a radiation shock according to the value realized in the previous year, while we 

observe an additional 11 percent decline in cross-border migration when averaging radiation 

shocks over the previous three years. A smaller difference in migration rates is also visible when 

comparing the effects across specifications of precipitation: a one-standard deviation increase in 

the three-year averaged precipitation anomaly leads to an additional 2-percent decrease in 

migration compared to the one-year lagged precipitation anomaly.13 Effects for migration to 

India are again similar in sign and magnitude. 

                                                      
13 Due to lack of data, we are unable to trace out a similar effect for salinity. 
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Next, we look at heterogeneity across regions within the country. Saline contamination is 

an issue exclusively in the coastal zone. Conversely, in the Northwest districts of Bangladesh, 

drought risk is much higher. Thus, adaptation strategies may vary geographically due to 

variations in environmental risk. Estimates in Table 3 again show negative effects of radiation, 

precipitation, and flooding.14 However, we also find significant differences across regions. 

Radiation and flooding have much smaller negative effects in the coastal zone, though the 

difference is significant only for flooding. Proximity to saltwater offers auxiliary diversification 

strategies, such as establishing brackish ponds for aquaculture. In the Northwest, radiation is 

found to have a significant positive effect on migration, the opposite of the effect in other parts 

of the country. Again, without more detailed data, it is difficult to attribute the precise cause of 

these regional differences. However, our estimates suggest that regional differences, even within 

small countries with relatively homogenous climate conditions, must be taken into account when 

studying adaptation to environmental vulnerability, particularly where large portions of the 

population remain reliant on agriculture. 

Finally, we examine how migration responses vary with household characteristics. Again, 

the un-interacted coefficients reveal negative effects of radiation, precipitation, flooding, and 

salinity on migration. Additionally, we find that the migration decisions of households with more 

males (at or below median sex ratio) and more members of prime working age (above median 

age ratio) are less responsive to environmental factors (Table 4, Panels A and B). Higher than 

usual radiation and flooding has a smaller negative effect on the migratory responses of these 

groups, while salinity has a smaller positive effect. This is somewhat surprising given 

households with more prime age males arguably have greater transferable skills and fewer social 

                                                      
14 All districts outside the coastal zone are assigned a value of zero for salinity, based on the design of the soil 

sampling survey. Therefore, the effect of salinity can be estimated only for the coastal region. 
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constraints to engage in migration. An alternative explanation is that households prefer to adapt 

through investments on the farm. Thus, families with a greater percentage of prime age males 

may be better equipped to develop labor-intensive, local adaptation strategies in the face of 

environmental vulnerability. 

To check for a wealth effect, we compare the top quintile15 to the bottom 80%, based on 

the asset index described above. A more muted response to increased soil salinity occurs among 

asset rich (top 20 % of asset index) households (Table 4, Panel C). While it is difficult to 

ascertain the specific reasons for these differences without more detailed data, these findings 

suggest that better endowed households are, on the whole, less likely to respond to salinity risk 

with international migration, perhaps due to their increased ability to diversify production 

practices (Khanom, 2016; Sovacool, 2018). Poorer households—with respect to demographic 

composition and wealth—are more likely to bear the high economic and social costs of 

international migration to adapt to gradual changes in soil salinity.  

We also find a net positive effect of minimum temperature on the migration patterns of 

asset rich households. This is in direct opposition to the findings among the bottom 80% of the 

wealth distribution. One possible explanation for these findings is that the coping mechanisms 

available to combat heat stress remain relatively inaccessible or sustainable. For example, 

drought-insurance programs continue to be piloted in areas of rather small geographic scale (Hill 

et al., 2019). Another illustration relates to farmers decreasing access to irrigated water for crop 

production during periods of heat stress, as increasing demand for groundwater depletes 

resources and increases water salinity. Since both groups take advantage of employment 

opportunities abroad, the empirical evidence rejects the second hypothesis posed in our 

                                                      
15 We also compared households above and below the median for the asset index (results available upon request). 

Estimates were similar in sign but less precise, suggesting a steeper wealth gradient. 
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conceptual framework. The fact that heat stress and salinity drive different demographic groups 

to migrate abroad suggests both cadres can take advantage of employment opportunities in 

countries adjacent to Bangladesh. The observed range of environmental patterns likely reflects 

the diverse investment portfolios by wealth and their unique set of income risks which ultimately 

underlie household migration decisions. 

 

VI. Conclusion 

Climate change poses future risk to the livelihoods of farmers and the broader food security of 

the country. We find that fewer Bangladeshis migrate to neighboring countries when the share of 

inundated land in their sub-district increases. On the other hand, 3.6 percent more Bangladeshis 

will move across the border with a one-percent increase in the share of saline-contaminated soil 

in their sub-district. Together these changes in environmental quality will shift the demographic 

composition, potentially compromising the supply of workers available to support the local 

economy. Beneficiaries of cheap, unskilled labor, for example, may be forced to contract their 

agricultural, service, or manufacturing production or invest in labor-saving technologies as 

workers from predominantly asset poor households leave the country.  

 A unique finding in this paper, though not central to the hypotheses of interest, was the 

vulnerability of asset rich households to fluctuations in minimum average temperature. This 

result echoes the importance of droughts on mobility in Bangladesh, first highlighted by Gray 

and Mueller (2012). In contrast to the earlier study, we, however, discover differential migratory 

responses by household wealth perhaps due to the greater range of migration, wealth, and climate 

observations represented by the vital registration data. The empirical results offer a new 

perspective on inclusion criteria when developing investment strategies to address the 
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aforementioned risks. In particular, it is crucial to acknowledge risks faced by the poor and non-

poor, as retention of the earnings and intellectual capacity of the latter enhances national 

resilience.  

The literature will begin to stylize ideas around the fundamental drivers of environmental 

migration, as scholars are able to take advantage of new efforts in the Global South to invest and 

disseminate data which monitors population movement over time.  One limitation of our study is 

the lack of spatial and temporal variation represented by our measure of soil salinity. By limiting 

the focus to changes in soil salinity over five years, we are unable to express how mobility may 

be affected by seasonal or annual variations in soil salinity. A second limitation is related to the 

coarseness of our measure of exposure, which affects our ability to inform how policymakers 

should prioritize funding for adaptive investments. Soil salinity is likely a direct result of 

changes in landscape and deforestation along the coast, sea level rise and storm surges, and 

groundwater management. It remains unclear which contributing factor to soil salinity is driving 

the mobility patterns observed in the paper. Future research would benefit from including more 

refined measures of soil salinity. In the short term, until maps of soil salinity become available 

for all vulnerable areas over time, policymakers interested in tackling the soil salinity problem 

could be directed toward promising interventions from studies that measure how migration 

patterns evolve under the provision of saline-tolerant varieties or infrastructure resilient to 

inundation, or even under programs targeting coastal externalities associated with common pool 

resources.  
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Table 1. Descriptive Statistics.

Mean Std. Dev. Min. Max.

A. Migration Rate (per 1000 households)

Sub-Continenta 0.4317

India 0.3579

Pakistan 0.0319

Nepal 0.0266

Sri Lanka 0.0065

Bhutan 0.0095

B. Household-Level Socio-Economic Characteristics (N=1,693,312)

Head is Male 0.8928 0.3094 0 1

Head's Age 45.048 13.742 0 99

Head is Literate 0.4950 0.5000 0 1

Head is Muslim 0.8803 0.3246 0 1

Head is Hindu 0.1042 0.3055 0 1

# Hh Members 4.8636 2.2111 1 101

Primary Water, Tap 0.0822 0.2747 0 1

Primary Water, Well 0.9015 0.2980 0 1

Secondary Water, Tap 0.0859 0.2801 0 1

Secondary Water, Well 0.4734 0.4993 0 1

Owns Water Source 0.5216 0.4995 0 1

Kerosene for Light 0.4776 0.4995 0 1

Electricity for Light 0.5119 0.4999 0 1

Kerosene for Fuel 0.0047 0.0681 0 1

Electricity for Fuel 0.0061 0.0778 0 1

Gas for Fuel 0.0875 0.2826 0 1

Has Modern Latrine 0.5676 0.4954 0 1

Coastal Region 0.2985 0.4576 0 1

Northwest Region 0.1316 0.3380 0 1

C. Sub-District Level Environmental Conditions (N=3,520)

Saline Contaminated Soilb (%) 6.3252 17.2548 0 88

Proportion Area Inundatedc 0.1915 0.1994 0 0.9448

Avg. Min. Temp.d (°C) 21.292 0.7221 19.247 23.040

Avg. Max. Temp.
d
 (°C) 30.686 0.7167 29.157 32.918

Bright Sund (hours) 6.1890 0.4884 3.9250 7.5333

Total Annual Precipitatione (mm) 2374.7 681.75 1153.9 7231.4

Monsoon Onset
f

27.584 24.385 0 201

Statistics in panels A and B calculated at the household level from the

Bangladesh Bureau of Statistics' Sample Vital Registration System, 2005-2011.
aIncludes India, Pakistan, Nepal, Sri Lanka, Bhutan.
bSoil Research Development Institute, Ministry of Agriculture, Govt. of Bangladesh.
c
Moderate Resolution Imaging Spectroradiometer, NASA.

d
Weather stations, Bangladesh Meteorological Department.

eTropical Rainfall Measuring Mission, NASA.
fNumber of days after May 1. Rainfall stations, Bangladesh Water Development Board.
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Table 2. Environmental Migration Patterns, by Destination and Time Frame

B. Average of C. Average of

A. 1 Year Lag 1 and 2 Year Lags 1, 2, and 3 Year Lags

Sub-Continent India Sub-Continent India Sub-Continent India

Avg. Min. Temp. 0.834 0.794 0.814 0.766 0.754* 0.707*

(0.124) (0.131) (0.127) (0.131) (0.126) (0.129)

Avg. Max. Temp. 0.844 0.787 0.828 0.775 0.808 0.753

(0.108) (0.116) (0.120) (0.131) (0.131) (0.139)

Bright Sun 0.705*** 0.716*** 0.645*** 0.669*** 0.601*** 0.614***

(0.0622) (0.0687) (0.0699) (0.0784) (0.0741) (0.0808)

Total Precipitation 0.581*** 0.646*** 0.580*** 0.643*** 0.559*** 0.614***

(0.0675) (0.0796) (0.0728) (0.0854) (0.0726) (0.0840)

Flooded Area 0.898* 0.852** 0.876 0.817* 0.854** 0.812***

(0.0580) (0.0598) (0.0853) (0.0847) (0.0543) (0.0571)

Saline Areaa 1.036*** 1.037*** 1.036*** 1.037*** 1.037*** 1.038***

(0.0104) (0.0106) (0.0103) (0.0106) (0.0105) (0.0108)

Notes: Socio-economic data drawn from Sample Vital Registraion System, 2005-2011, Bangladesh Bureau of

Statistics. Inundated area is the fraction of water pixels in the upazila, drawn from NASA's MODIS satellite. Saline

soil represents the percentage of total upazila land area affected by saline contamination. Includes controls for

historical soil salinity, rainfall, min/max temperature, sun, monsoon onset, demographic and wealth controls,

region, and year fixed effects. Negative binomial regression with effects reported as incidence rate ratios.

Standard errors in parentheses clustered at sub-district level. *** indicates significance at 1%, 5% (**) and 10%

(*) levels. N=1,693,312
a
Only 1 year lag available.
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Table 3. Environmental Migration Patterns, by Region

A. Saline Risk B. Drought Risk

Sub-Continent India Sub-Continent India

Avg. Min. Temp. 0.952 0.875 0.829 0.792

(0.186) (0.205) (0.121) (0.129)

Avg. Max. Temp. 0.898 0.778 0.867 0.790

(0.135) (0.134) (0.119) (0.126)

Bright Sun 0.602*** 0.663* 0.696*** 0.702***

(0.118) (0.155) (0.0629) (0.0698)

Total Precipitation 0.618*** 0.647*** 0.569*** 0.636***

(0.0792) (0.0927) (0.0714) (0.0850)

Flooded Area 0.798** 0.713** 0.942 0.892

(0.0915) (0.0980) (0.0677) (0.0702)

Saline Areaa 1.036*** 1.037***

(0.0104) (0.0107)

Relative Effects

Coastal Zoneb Northwest Districtsb

Avg. Min. Temp. 0.755 0.836 1.514 1.395

(0.209) (0.247) (0.847) (0.792)

Avg. Max. Temp. 0.869 1.014 0.728 0.923

(0.165) (0.213) (0.191) (0.251)

Bright Sun 1.241 1.096 1.268 1.427

(0.267) (0.271) (0.506) (0.683)

Total Precipitation 0.988 1.064 1.121 1.091

(0.181) (0.209) (0.298) (0.308)

Flooded Area 1.224 1.315* 0.761 0.790

(0.179) (0.216) (0.135) (0.158)

Saline Areaa 1.036*** 1.037***

(0.0104) (0.0107)

Notes: Socio-economic data drawn from Sample Vital Registraion System, 2005-

2011, Bangladesh Bureau of Statistics. Inundated area is the fraction of water

pixels in the upazila, drawn from NASA's MODIS satellite. Saline soil represents

the percentage of total upazila land area affected by saline contamination.

Includes controls for historical soil salinity, rainfall, min/max temperature, sun,

monsoon onset, demographic and wealth controls, region, and year fixed effects.

Negative binomial regression with effects reported as incidence rate ratios.

Standard errors in parentheses and clustered at sub-district level. *** indicates

 significance at 1%, 5% (**) and 10% (*) levels. N=1,693,312
aSoil testing was only done in the saline belt. Therefore, the effect can be

estimated only for districts in the coastal zone.
b
Relative effect, compared to upper panel.

n/a n/a

n/a n/a
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Table 4. Environmental Migration Patterns, by Household Characteristics

A. Sex Ratioa B. Age Ratiob C. Asset Indexc C1. Head is Not Muslim

Sub-Continent India Sub-Continent India Sub-Continent India

Avg. Min. Temp. 0.810 0.810 0.868 0.805 0.738* 0.743*

(0.145) (0.169) (0.134) (0.146) (0.125) (0.132)

Avg. Max. Temp. 0.898 0.835 0.842 0.781 0.836 0.802

(0.128) (0.133) (0.115) (0.128) (0.109) (0.122)

Bright Sun 0.621*** 0.635*** 0.647*** 0.659*** 0.737*** 0.697***

(0.0741) (0.0841) (0.0664) (0.0721) (0.0655) (0.0743)

Total Precipitation 0.606*** 0.645*** 0.557*** 0.617*** 0.574*** 0.627***

(0.0852) (0.0978) (0.0725) (0.0880) (0.0686) (0.0821)

Flooded Area 0.732*** 0.707*** 0.881 0.844* 0.890 0.826**

(0.0726) (0.0806) (0.0697) (0.0762) (0.0676) (0.0676)

Saline Area 1.038*** 1.037*** 1.039*** 1.041*** 1.042*** 1.042***

(0.0117) (0.0117) (0.00985) (0.0103) (0.0114) (0.0117)

Relative Effects

At or Below Mediand Above Mediand Top 20%d C3. Head is Muslimd

Avg. Min. Temp. 1.062 0.985 0.901 0.964 1.884*** 1.618**

(0.153) (0.167) (0.154) (0.180) (0.413) (0.371)

Avg. Max. Temp. 0.914 0.918 1.010 1.019 0.961 0.783

(0.0997) (0.115) (0.0948) (0.110) (0.188) (0.146)

Bright Sun 1.203** 1.185* 1.264*** 1.244** 0.938 1.281

(0.107) (0.120) (0.113) (0.114) (0.150) (0.204)

Total Precipitation 0.943 1.004 1.075 1.097 1.027 1.261

(0.111) (0.136) (0.126) (0.147) (0.198) (0.221)

Flooded Area 1.374*** 1.340*** 1.079 1.053 1.038 1.142

(0.132) (0.149) (0.102) (0.110) (0.126) (0.146)

Saline Area 0.997 1.000 0.991* 0.989** 0.981* 0.983

(0.00481) (0.00535) (0.00505) (0.00516) (0.0111) (0.0106)

Notes: Socio-economic data drawn from Sample Vital Registraion System, 2005-2011, Bangladesh Bureau of

Statistics. Inundated area is the fraction of water pixels in the upazila, drawn from NASA's MODIS satellite. Saline

soil represents the percentage of total upazila land area affected by saline contamination. Includes controls for

historical soil salinity, rainfall, min/max temperature, sun, monsoon onset, demographic and wealth controls,

region, and year fixed effects. Negative binomial regression. Standard errors in parentheses and clustered at sub-

district level. *** indicates significance at 1%, 5% (**) and 10% (*) levels. N=1,693,312
aCalculated as number of female household members divided by total number of household members.
bCalculated as number of household members age 35 or older divided by total number of members.
cConstructed from principal components analysis. Includes water/energy sources and modern latrine.
dRelative effect, compared to upper panel.


