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What weather shock drives migration in Bangladesh? A recent household survey from Bangladesh sheds light on identifying the effect of climatic anomalies on the likelihood of migration and in particular, internal migration. Combining migration with climatic data, this paper analyzes the direct impact of weather shocks on household members' probability to migrate internally. The main findings confirm that an additional weather shock increases the probability of migration by 9.74 percent, on average, 24 months after the additional shock occured. However, this effect is increasing when poor households respond more than wealthier households, when controlling for income. Also, households that receive remittances except home is significant and positive, in the presence of an additional SPEI shock, identifying a potential adaptation strategy mechanism. The results are robust for internal migration and significantly positive for rural-to-rural and urban-to-urban migration.

Introduction

How capable are we of evaluating weather anomaly effects on household living conditions, especially on migration decisions? Geneva, October 2021. A clear, concerning triad has been presented by the World Meteorological Organization, identifying a remarkable fact. Thousands were killed, millions displaced, and billions of economic costs in Asia. This was the aftermath of the worst year of extreme weather events, in a countrywide aspect, as this was the first time countrywide extreme weather events affected a particular portion of the population (WMO, 2021). Hence, weather matters.

One month later, the United Nations Convention on Climate Change (UNFCCC) addressed the term climate crisis for the first time and a global-wide call for immediate climate action following the 2015 Paris Agreement on Sustainable Development Goal 13 concerning the climate. As South Asian countries are experiencing more and more extreme weather events, especially in rural areas [START_REF] Seneviratne | Weather and Climate Extreme Events in a Changing Climate[END_REF], a global call for action has arisen from international organizations around environmental risk management.

According to United Nations, in 2020, there were 13.9 million migrants in South Asia. More than 75 percent were internally migrated, and 25 percent of the same out-migrated (UN-DESA, 2020).

According to global reports (ActionAid, 2020; World Bank, 2018), there will be more than 18.3 million migrants in 2020 across South-Asia, related with the low onset weather events, with expectations of this number to be doubled by 2030 if South Asia, will not follow Paris Agreement, and increased in any other case, by 2050. Following earlier researchers (Piguet et al., 2018;Rigaud et al., 2018), migration patterns due to slow-onset weather sho to remain, particularly in South Asia (IOM, 2016). Therefore, migration matters. This paper addresses the question of the presence of a causal relationship between weather anomalies and migration of household members in Bangladesh, South Asia. As it is presented by limited studies, with most recent evidence, the study of [START_REF] Bertoli | Weather shocks and migration intentions in Western Africa: insights from a multilevel analysis[END_REF] on West Africa, in which they found that weather shocks affect individual intentions to migrate, whether internally or abroad, are context and country-specific within the region. I apply the first part of the empirical approach to actual migrants in another continent of the developing world, South Asia, where this channel is expected to be intensive.

Recent advances in this framework were implemented (Piquet, 2010; [START_REF] Dell | What do we learn from the weather? The new climate-economy literature[END_REF], suggesting that weather shocks affect migration, under specific geographical and methodological approaches. Even under the recent development of an essential part of the literature, mainly focusing on the effects of weather shock in migration outcomes in regions like Sub-Saharan Africa, little work has been done, though, to evaluate the similar effects in other areas, like South Asia, around a regionwide and micro-founded macroeconomic assessment of this channel (Cattaneo et al., 2020).

As an attempt to bridge these gaps, this paper uses a multidimensional approach. I combine indices from weather-related data, with household-level survey data, within a country-case study, Bangladesh, South Asia. The migration data was generated by the International Food Policy Research Institute (IFPRI), conducting a three-round survey, the Bangladesh Integrated Household Survey (BIHS), for the cooperated project of USAID with FAO, Feed the Future. Various sources have been used for the climatic data, with the most representative one, the Climatological Research Unit, CRU-TS v4.04 [START_REF] Harris | Version 4 of the CRU TS monthly high-resolution gridded multivariate climate dataset[END_REF], University of East Anglia, with the most recently harmonized historical climatic data on temperatures and precipitation, among others. The latter data is accessed by the platform AID-DATA GeoQuery, while the former is from the Dataverse, University of Harvard, data depository [START_REF] Goodman | GeoQuery: Integrating HPC systems and public webbased geospatial data tools[END_REF].

For the econometric analysis, I use household-level data with various household characteristics (i.e., age, gender, education, district origin, district destination). The main contribution to the literature is the use of recent and comprehensive data to analyze further, specific weatherrelated internal migration flows and giving novel approaches in the field by using different scenarios around it, to further validate the rationale of this paper around climate-induced migration.

Second, this paper contributes using comparative empirical analysis by assessing the same channel in multiple dimensions, under conditional regression analysis to identify a direct relationship between weather shocks and migration, bridging the gap with more current evidence around migration outcomes in countries located in South Asia, giving implications for the local policymakers to develop their governmental plan around climate-induced migration. Third, it is possible to track migration, throughout the time the surveys were conducted. Combining those three contributions, therefore, I present novel evidence on identifying, under a household level aspect, direct effect of weather shocks on migration flows in Bangladesh, South Asia.

The data used for this paper were gathered from various resources. First, about weather data, From the empirical findings of this analysis, I find positive significant effects between SPEI and migration likelihood, in line with recent literature [START_REF] Williams | Spatial and temporal dimensions of weather shocks and migration in Nepal[END_REF][START_REF] Petrova | Natural hazards, internal migration and protests in Bangladesh[END_REF] Gianelli & Canessa, 2022) and positive in terms of internal migration, weak or negative in terms of migration abroad and weather-shock specific [START_REF] Bertoli | Weather shocks and migration intentions in Western Africa: insights from a multilevel analysis[END_REF].

I
Following the introduction, the second section discusses the related literature, especially around two dimensions, migration, and weather. The third section describes the data used for the empirical analysis, along with a brief presentation of the construction process for each variable.

Afterward, in the next two sections, the methodology around the identification strategy and discussion with regards to the findings. Finally, a section discussing on the robustness of the results and finally, conclusions with relevant policy implications and further future research. This heterogeneity in the outcomes of the current literature does not stop here, as more country-wide studies have been recently emerged, using the context of migration planning in spatial data. Databases like Gallup World Poll (GWP) have been widely used recently by researchers, to identify different socioeconomic potentials, including migration. Some of the most benchmarking studies, are linking network and destination choices [START_REF] Bertoli | Networks and migrants' intended destination[END_REF]. Recently, in the work of [START_REF] Bertoli | Weather shocks and migration intentions in Western Africa: insights from a multilevel analysis[END_REF], on migration intentions driven by weather variations, they confirm, through their results, these, country-specific and context-specific effects, for each country, migration intention, across different weather-related effects, even though there were still heterogeneities yet to be identified.

Related literature

Country-case studies across the developing world, show results characterized by high heterogeneity (Piquet 2010; [START_REF] Gray | Environmental influences on human migration in rural Ecuador[END_REF] and are frequently based only in one, specific, weather shock. For the case of Bangladesh, using longitudinal survey data over 15 years, Gray and Mueller (2012a) they find that women in poverty have significant effects to migrate, in the presence of floods and crop losses. On the contrary, Mueller et al. (2014) find that in Pakistan, floods have weak or insignificant effects on migration, and significant ones in the presence of heatwaves for men and households in poverty. In the case of Tanzania, Kubik & Maurel (2016) find positive indirect effects of weather shock in migration likelihood, through significant weather-related agricultural reductions, mostly in the middle wealthy classes and mostly agricultural intensive households.

Finally, weather-related migration can occur in a racial discriminated, inequal environment, that is, more black individuals from low-income classes tend to migrate than white individuals from highincome classes in South Africa, as [START_REF] Mastrorillo | The influence of climate variability on internal migration flows in South Africa[END_REF]. In a recent work of [START_REF] Koubi | Climate events and the role of adaptive capacity for (im-)mobility[END_REF] their findings imply that the lower the educational attainment along with poorer income people reduce the likelihood of migrating in the presence of a sudden climatic event.

Bangladesh is a highly representative case study for the analysis of the channel between weather anomalies and migration. According to [START_REF] Wheeler | Quantifying Vulnerability to Climate Change: Implications for Adaptation Assistance Center for Global Development Working Paper[END_REF] in his dataset on quantifying weather vulnerability 3 , Bangladesh has ranked as the most vulnerable, in terms of climate, country in South Asia, and second in the world. Second, Bangladesh represents a multiple agro-ecological identity, as different zones exist, in terms of degree days, aridity and temperature seasonality [START_REF] Guilpart | Estimating yield gaps at the cropping system level[END_REF], increasing the likelihood of having different enough weather conditions and hence, differentiated econometrical outcomes, for each weather anomaly. Third, for decades, Bangladesh has been facing extreme climate events, mostly natural disasters (i.e. tropical cyclones, floods). However, during last two decades, slow-onset weather variations (i.e. cold waves, heatwaves) have been emerged 4 , with evidence implying a serious mitigation plan on controlling carbon emissions and abating extreme temperature events, arisen by climate change (Im et al, 2017). Both, therefore, conduct on one of the most challenging parts of the modern political agenda on adaptation and mitigation strategic planning, at the level of environmental crisis management.

Discussing about recent pieces of literature around climate-induced migration in Bangladesh, first, there is a recent study by [START_REF] Petrova | Natural hazards, internal migration and protests in Bangladesh[END_REF] in which her evidence shows significant positive effects in internal natural hazard-related migration, without significant effects for migration in district destinations that face conflict. Second, the most recent study on Bangladesh around weather shocks and migration [START_REF] Giannelli | After the Flood: Migration and Remittances as Coping Strategies of Rural Bangladeshi Households[END_REF], in which they use a specific flooding shock, with a difference-in-difference specification, significant increases in the likelihood of a household to prone migration as a risk-coping strategy to adapt exposure in flooding, with internal migration more likely in low-wealthy households than international migration in wealthy ones. The same results apply for remittances received by immigrants in poor households.

However, in both studies, various gaps still exist, that my article goes beyond. First, a more general weather shocks framework (complementing floods as one of many different treatment variables of interest). Second, a more spherical aspect of weather shocks, as both studies do not include in their analysis temperature, precipitation shocks or standardized climatic indices, that are widely accepted as a sufficient methodology on making efficient comparative studies, in such a complicated part of the analysis of climate-induced migration, which is, weather. Third, the fact that 10 using the completed survey (baseline, midline and endline) in my analysis, promotes this article in a more integrated, research and statistical environment, as both previous studies have a key limitation, attrition, in which the endline survey, assists to alleviate it, as a valuable robustness check, where it will be clarified in next sections of this paper.

Data

The analysis covers a South-Asian country, Bangladesh. I have used the Bangladesh Integrated Household Survey (BIHS) conducted by the International Food Policy Research Institute I analyze microdata on the migration status of household members that experienced migration for whom there is a modest number of individual characteristics. I match these data with data on weather shocks (or anomalies) at the district (Zilla) level. This section presents my data sources, a brief presentation of the construction of the main variables or indices, and descriptive statistics with figures, to focus on stylized facts.

Migration

As briefly stated previously, the BIHS is the only nationally representative survey conducted by IFPRI that has gathered recent data on, among others, plot-level agricultural production, food security, gender, poverty, and social protection, including an extensive migration data unit. The sample is statistically representative as it first follows a nation-wide representation of rural Bangladesh, the second representative for seven out of eight administrative divisions of the country: Barisal, Chittagong, Dhaka, Khulna, Rajshahi, Rangpur and Sylhet, and third, representative of the Feed the Future (FTF) project coverage. The questionnaire of the BIHS contains a various set of questions, which are covered across all three rounds of the survey. The basic question for identifying the migration status of individual members of households at the Zilla level is (for each round):

1. Has anyone, who was a member of your household in the past five years, currently a migrant (living away for 6 months or more) within the country (but not in the same Upazilla 5 ) or abroad? 2. Has anyone, who was a member of your household in the last baseline survey, currently a migrant (living away for 6 months or more) within the country (but not in the same Upazilla) or abroad? 3. Has anyone, who was a member of your household in the last midline survey, currently a migrant (living away for 6 months or more) within the country (but not in the same Upazilla) or abroad?

Table 1: Household characteristics by migration status

In the Table 1 it can be observed the main variables of my dataset. There are homogeneities between groups in terms of 12-month, 24-month SPEI, therefore, there is the ability to continue with the analysis in the empirical strategy in the next section. The questions above differ with respect to a key dimension, namely the time horizon. Each question is focused, as a follow-up one, on the current migration status of individual members for each household of the survey, within a time span of 5 years. This detail makes it possible to track the migration status of every member who migrated, within a household. I use all these three questions to build the main outcome variables, namely 5 I used the dataset at the zilla level, as in the upazila level whether there are no data for upazila migration, whereas in the former, there are sufficient data to identify migration between or within zilas, in terms of internal migration. household that has migrated. The same applies to internal migration binary variables, constructed for the needs of the analysis.

Besides the key outcome variable, I keep track also of additional individual-level information present in the BIHS. Specifically, I have access to household-level respondents' age and gender at the time of the interview, their level of education, using the administrative levels between divisions and districts, to construct a binary variable that identifies when each household, that is, whether they live in rural or urban areas 6 . Additionally, I have information on the number of adults and children in the household, their level of education. Figures 1.1 and 1.2 illustrate the shares of household members that migrated internally or abroad, respectively. While in both cases, the allocation of migrant households across districts in Bangladesh is at first sight random, it seems that internal migration shares are mostly located, on average, in the central-southern districts of the country. In the case of outmigration household shares, most of them are in southeast Bangladesh. 6 For example, if a household lives in Gazipur zila, Dhaka division instead of Dhaka zila, Dhaka division is considered a rural household in the former and an urban one in the latter case. 

Weather

I match the BIHS dataset with geocoded weather data, using the Aiddata Geo-Query platform [START_REF] Goodman | GeoQuery: Integrating HPC systems and public webbased geospatial data tools[END_REF]. These data contain information on precipitation (i. SPEI is a multi-scalar water balance index that follows standard log-logistic distribution (i.e. mean balance equals zero with a standard deviation that equals 1). In other words, an index about the severity of drought or dry conditions in ecosystems, food systems, and natural water resources. That is, the subtraction, assuming a "water economy", between precipitation P (water supply) and potential evapotranspiration 9 ET (water demand), at district (Zila) d, in month t:

WBdt= Pdt-ET0dt= Pdt-f(Tdt, Zd) [START_REF] Abel | Estimates of Global Bilateral Migration Flows by Gender between 1960 and 2015[END_REF] where Tdt is the temperature at district d at month t and Xd other factors (i.e. latitude, sunny hours per month). Moreover, the SPEI can be defined over different time horizons and different formulas according to the current SPEI literature, on the methodology to construct this index 10 . In this article, I use the Hargreaves approach for the construction of the SPEI index. In general, SPEIdt is distributed according to a log-logistic distribution:

F(WBdt) = [1 + ( 𝛼 𝑊𝐵 𝑑𝑡 -𝑐 ) 𝑏 ] -1 , [2]
where a, b, c estimated parameters and

WBdt ≡ ∑ WB 𝑑𝑠 𝑡 𝑠=𝑡-𝑑+1 [3]
The main advantage of the SPEI to indicate extreme weather events is first, the ability to indicate identifying excess water supply (i.e. floods) or excess water demand (i.e. droughts). Second, interactions between them, can act as a natural mitigation strategy and thus, the SPEI can be at the optimal water equilibrium level (i.e. equals to zero). In non-zero values, drought can be defined when 7 https://www.geoboundaries.org/ 8 Half a degree o f latitude corresponds to ~55 km at the equator 9 Evapotranspiration is the sum of moisture transfers from the earth (evaporation) and the plants (transpiration) to the atmosphere, to create clouds and rainfalls 10 See Thornthwaite (1948), Penman (1948,1963), Hargreaves (1983Hargreaves ( , 1985) ) and Monteith (1985) SPEIdt < 0 and floods when SPEIdt > 0. The long-term average SPEI is presented in the Appendix, In a more generic view, an adverse weather shock is defined as a month in which the mean temperature exceeds its long-term average trend by more than one standard deviation (positive adverse temperature shock) or in terms of precipitation, the long-term average trend by more than one standard deviation (negative adverse precipitation shock). Figures and rice-harvesting). This fact illustrates the food habits as well as cultural norms within Bengalese households, therefore, a binding condition for sustainable living conditions, through food behavior [START_REF] Cairns | A critical review of evidence on the socio-cultural impacts of food marketing and policy implications[END_REF][START_REF] Vermeir | Environmentally Sustainable Food Consumption: A Review and Research Agenda From a Goal-Directed Perspective[END_REF]. Those three seasons, Aman, Aus and Boro 11 , correspond to the monthly calendar for a 12-month year, in which they can be used whether to weight SPEI index, with a binary variable with a value 1 in the case of months households interviewed during the growing or planting season and 0 for months households interviewed during harvesting season, or to inspect for seasonal heterogeneities.

11 Aman growing season corresponds to August-October, Aus for May-June, and Boro for January-April. 

Empirical Strategy

In the first part of the econometric analysis, I follow the specification strategy proposed by [START_REF] Backhaus | Do climate variations explain bilateral migration? A gravity model analysis[END_REF] The main outcome variable is Migrationhdt, a binary variable equals 0 when a household has not any migrant within and 1 when a household has a migrant within district d, on survey-year t.

Second, there are various control variables for household-specific characteristics (Xh), containing age dummies (35-49, 24-35 and reference category the 15-24), gender (with females the reference category), a dummy for the case a household lives in an urban area (living in a rural area as the reference category) and two continuous variables, household size and number of children living in the household.

The main variable of interest WSdt,T captures the past weather shocks group of climate variables (SPEI, precipitation, temperature) in district d and year T that is, the time lag of past weather shocks occurred within a 30-year time trend prior to the first round of the current survey studied. This specification also includes month dummies dm to absorb potential seasonal effects on the likelihood for a household to include a migrant, dt survey-year dummies controlling for time-varying districtlevel factors and dd district dummies to control for time-invariant heterogeneities.

The econometric analysis is conducted on household respondents in which I match them to the past weather conditions that GeoBoundary districts. Standard errors are clustered at the division level.

For migration costs, I use two main distances one accessed by the survey (distances from plot in meters) and a second one from Roads and Highways department, Bangladesh Ministry of Communications 12 distance matrix on the minimum distance to the closest district capital as a proxy of migration costs Cdt or network effects (McKenzie & Rapoport, 2010). This specification, intuitively, describes the average marginal effect of weather shock in crop production, mainly specified by SPEI.

Results

First, on analyzing the results from Table 1, before controlling, there is no significant effect of SPEI in migration likelihood in col. 1. However, as the controls are added, the SPEI effect becomes more and more significant. In Table 2, in the case of the effect of weather shocks on internal migration likelihoods, the results are various, dependent on the nature of each weather shock. In the additional controls added (month, year, division dummies), the SPEI effect becomes more and more significant.

The coefficients when a household is in urban area, is significant and positive, implying that an additional SPEI shock increase the likelihood for a household located in the urban area to migrate, ceteris paribus 13 . Interestingly, in col.5, when using the internal migration outcome variable, the effect persists at a significant and positive magnitude. That is, an additional SPEI shock will increase, on average, the probability of a household member migrating internally by 9.49 percent, ceteris paribus. 12 See here the District Distance Matrix: https://www.rhd.gov.bd/Documents/HDM/DistrictDistanceMatrix/Index.pdf 13 all else equal Focusing now on the case of internal migration likelihood, related to each weather shock (Table 3), the results are various. In the case of rainfall shocks, in col. 2, there is a significant negative relationship between rainfall shocks and internal migration, meaning that, ceteris paribus, an additional rainfall shock decreases the log odds of migration internally by 15.5%. In the case of adverse SPEI shocks (col. 3 and4), an additional positive (negative) SPEI shock, on average, increases the log odds of migration internally by 10.8 (14.7) percent, ceteris paribus. In the aspect of rural regions only, there is no significant effect, by each adverse SPEI shock. Finally, in the presence of a temperature shock, an additional temperature shock, on average, increases the likelihood of a household member migrating internally by 11.6%, ceteris paribus. Notable to mention, in the last weather shock, the likelihood of migrating internally, in the presence of an additional temperature shock, is increasing by 22.2% if the household is located in the urban area, ceteris paribus. Expanding the analysis as in section 3, on specific migration flows within the country, in Table 4, there are all the potential channels in which a household member is likely to migrate, according to the data accessed by the survey, namely, internal migration from rural to rural areas (col.

1), from rural to urban areas (i.e.. urbanization, col.2), from urban to rural areas (col. 3) and from urban to urban areas (col.4). In col.1, ceteris paribus, there is a positive and significant effect of a one standard deviation SPEI shock increasing the likelihood for a household member to migrate from rural to rural areas, by 23.3%. Notable to mention, in the same channel, among the migrants moving between rural areas, the likelihood of those being aged between 25-34 is lower than the younger ones.

In col. 2, there are no significant effects for the migration from a rural to urban area. In col.3, there is a significant and negative effects, implying that, an additional SPEI shock decreases the likelihood of migration from urban to rural area by 32.6%. Interestingly, the urban-urban area has the highest likelihood of a migrant household member, among the internal migration flows, after an additional SPEI shock, ceteris paribus. It should be noted, that in the last migration flow, the size of the household in the presence of the previous channel increases the likelihood to migrate between urban areas by 10.9%, on average. 

Robustness checks

In this section, I further check, under a variety of different scenarios, the robustness of the results presented in the section 5. In the Table 5 below, it is presented the baseline estimation with main variable of interest the 24-month SPEI, across rice crop-growing seasons, namely, Aus (col. 2), Aman (col. 3) and Boro (col. 4). First, there is a clear development in terms of significance and magnitude of the effect between the SPEI and the likelihood in a household member to migrate, as across all seasons except from Aman the effect is ranged between 20.6 and 28.7% ceteris paribus. The main reason for the Aman season of insignificance is the fact that the estimation sample is relatively low, along with the fact that the estimated coefficient is not far from the baseline estimated coefficient. Worthy to mention that the same behavior that presented in the previous section, it can be observed here with the aging groups as it is less likely, ceteris paribus, even for household that has increasing likelihood of a member of which to migrate, in the presence of an Notable to add, in the case of the 35+ age group, is implied that the likelihood for a member to migrate, in the presence of the additional SPEI shock, is 29.6% higher than the younger members in the lowest tercile, ceteris paribus. In the top tercile, there is also a significant negative effect of the size of the household in the migration likelihood, implying, that an additional SPEI shock, ceteris paribus, will be positive and significant, only if the household size is relatively low.

bias. From the results, it is observed that the baseline estimation, is robust in attrition, as even if it loses significance in the second round, the other rounds have enough magnitude of statistical power, in order to prevent the sample from being down warded, due to attrition. In the results of the table 7, the baseline effect is ranged 7.24%-16.3%.

There are more robustness checks, included in the Appendix, controlling for other factors that is likely to affect the current empirical findings. First, I controlled for distances, as a proxy to both migration costs and to migration networks, to control for potential heterogeneities (Appendix, Table B.7). Second, I used as a control the distances from the plot, for the same reason as previously, to identify potential heterogeneities that induce migration self-selection. In the case of Distances (col.2), there is no significant change in the results. The same applies for distances from the plot. Interestingly, when using remittances as a proxy for networks the results are robust, but with significant effect of remittances on the migration likelihood. Intuitively, this means that if, on average, a household receives money from a member who lives outside this household, there is a significant positive likelihood to migrate of 31.5%, in the aftermath of an SPEI shock, ceteris paribus. Finally, on the evaluation of my results in the presence of other migration likelihoods (like war or conflict migration), I exclude from the sample the most vulnerable, currently, in conflict migration, administrative division, which is Chittagong, including Cox's Bazar district in which the last years there is a sufficient migration flow from this division [START_REF] Petrova | Natural hazards, internal migration and protests in Bangladesh[END_REF]. Interestingly, there is a substantial relationship of the baseline estimation with the division that is conflict-prone, like Chittagong, as the baseline effect is reduced from 9.74% to 5.42%, losing some level of significance, implying that, contrary to Petrova (2021) there is a role that conflict can contribute through weather shocks, as other pieces of literature have shown, making it vulnerable the direct relationship between weather shocks and migration, even though it is still relatively significant.

Conclusion

In this paper, I investigated what weather shock drives migration likelihood in Bangladesh, South Asia. I tested using a logit fixed-effects model where migration likelihood is directly linked with weather shocks, and mainly with standardized precipitation evapotranspiration index (SPEI).

The results of this paper suggest that past weather shocks have a significant positive impact on migration. Therefore, each additional weather shock can increase 9.74% the likelihood for a household member to migrate, on average, within two years after the shock occurred. Interestingly, migration likelihood appears to be conditional on initial endowments [START_REF] Kubik | Weather Shocks, Agricultural Production and Migration: Evidence from Tanzania[END_REF], as households in the lowest tercile have the highest potential, in the presence of a the weather shock, to migrate. Moreover, the climate-induced migration effect is destination-specific, as the most likely destinations for the households, in the aftermath of a weather shock, is mainlt between rural or between urban areas. In line with [START_REF] Bertoli | Weather shocks and migration intentions in Western Africa: insights from a multilevel analysis[END_REF] there is a negative effect of an additional rainfall shock. However, some findings are contrary to the previous work, as conflict-related divisions may affect the significance of the baseline results and more importantly, the level of income and wealth drives differently the likelihood of migration, as in relatively poorer households the likelihood to migrate is higher than the richer households. For agriculture, it is important the result that in general if there is a rice growing season the time that an SPEI shock would occur, and more specifically, during the Boro rice growing season.

A potential caveat to this study, is first the fact that these findings are applicable for Bangladesh, and is not easily applicable to other country-case studies, without rejecting, of course, a comparative case study, though, in the future literature, especially case studies located in South Asia. Second, as

Gianneli & Canessa (2022) have recently shown, there is substantial floor of further developing the empirical estimation strategy, by using whether a shock as a natural experimental approach, or by evaluating the trade-off between migration intentions and actual migration, in the aspect of weather shocks, in order to find more comparative and holistic results that can be presented in policymakers 

  gathered from AID-DATA open access platform with geocoded datasets, temperature, and precipitation data from CRU-TS v.4.05 collected by the University of East Anglia, to construct the Standardized Precipitation and Evapotranspiration Index (SPEI), temperature and precipitation shocks, as proxies for heatwaves and floods. For the migration data, I accessed the Bangladesh Integrated Household three-round Survey (BIHS) by the International Food Policy Research Institute (IFPRI), for 2011, 2015 and 2019 respectively. All the migration data, have specific questions on the migration status of household members. From these questions, I consider two variables of outcome, migration and migration internally, for six months or more since the last survey. For the empirical analysis, I used a logit fixedeffects regression, with division, interview year and month fixed effects. The empirical strategy follows previous bench-marking literature (Dell et al., 2014; Gray and Mueller, 2012b; Mueller et al., 2014) and current reviews of the literature (Sedova et al., 2021). Concerning the specifications, they differ, dependent on the nature of the weather shock (temperature, precipitation, or climate indices), on the direction (positive, negative) and the role of local cropgrowing seasons. Besides these specifications, I also control for individual characteristics (age, education, gender, household size, number of children in the household).

  This article works on the literature about by migration within households, exposed in past weather shocks at the district level. Many countrywide studies, in different administration levels (division, province, village), are characterized by sufficient heterogeneity in their outcomes. show that Evidence in Sub-Saharan Africa (Marchiori et al., 2012; Beine & Parssons, 2015; Henderson et al., 2017), unexplained weather variations increase urbanization, through agricultural productivity losses, redistribute urban incomes and foster outmigration 2 . However, Marchiori et al. (2015) show that indirect effects of weather have weak effects on migration decisions. Finally, Cai et al. (2016) and Cattaneo and Peri (2016) report that the climate-induced migration is country and context-specific.

(

  IFPRI, 2020), and accessed through Dataverse, University of Harvard, Depository. It is a three-round survey that started on 2011 with the baseline survey, 2015 with the midline and 2019 endline survey.
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  1.4-1.7 illustrate the share of months with different adverse weather shocks.

3.3 Rice growing seasons

So far, the major food crop across Bangladesh is rice. It covers the highest share in terms of crop cycles within a year (FAO, 2022). Concerning crop-growing seasons, as weather can experience significant links with food systems, agricultural production, and household food consumption, a rice growing-harvesting calendar

[START_REF] Shelley | Rice Cultivation in Bangladesh: Present Scenario, Problems, and Prospects[END_REF]

; FAO 2021a) is applied weighting SPEI whether for each rice-growing season (i.e., Aman, Aus and Boro) or in aggregate level (rice growing-planting

  Migration hdt =β 1 Χ h +β 2 WS dT +β 3 d m +β 4 d t +β 5 d d

	Dell et al. (2014) and developed later by Bertoli et al. (2022), among others, assuming a direct effect
	of weather shocks on the probability of a household member migrating. Supposing d hdt =1 a
	household h in district d at time t that has ever a migrant member and dhdt=0 a household that never
	had a migrant. The probability of this member is denoted by the following logit model:
	Pr(d hdt =1) = 1+𝑒 Migration ℎ𝑑𝑡 𝑒 Migration ℎ𝑑𝑡	[4]

Table 2 :

 2 Effect of weather shocks on migration

						Internal
	Migration	(1)	(2)	(3)	(4)	Migration
						(5)
	SPEI24	0.0306	0.0612**	0.0608**	0.0974***	0.0949**
		(0.0242)	(0.0253)	(0.0255)	(0.0347)	(2.50)
	HH_Size	-0.0586***	-0.0193	0.0123	0.000991	0.00231
		(0.0160)	(0.0164)	(0.0165)	(0.0167)	(0.12)
	HH_Children	0.105***	0.0533	0.0134	0.00149	0.0287
		(0.0385)	(0.0392)	(0.0400)	(0.0400)	(0.64)
	24-35	-0.113	-0.122*	-0.120	-0.134*	-0.106
		(0.0726)	(0.0736)	(0.0744)	(0.0747)	(-1.28)
	35+	0.0738	0.0708	0.0561	0.0232	-0.0241
		(0.0651)	(0.0658)	(0.0667)	(0.0672)	(-0.32)
	Males	-0.0365	-0.0420	-0.0371	-0.0398	-0.0283
		(0.0500)	(0.0505)	(0.0511)	(0.0513)	(-0.49)
	College	0.0860	0.0909	0.0777	0.0350	0.0337
		(0.0591)	(0.0600)	(0.0607)	(0.0613)	(0.49)
	Urban	0.213***	0.241***	0.230***	0.154**	0.114
		(0.0733)	(0.0736)	(0.0741)	(0.0767)	(1.34)
	Month dummies	No	Yes	Yes	Yes	Yes
	Year dummies	No	No	Yes	Yes	Yes
	Division dummies	No	No	No	Yes	Yes
	Constant	-1.246*** -1.104*** -1.717*** -1.938***	-2.329***
		(0.0988)	(0.112)	(0.301)	(0.323)	(-6.72)
	Observations	10173	10173	10173	10173	10173
	Pseudo R 2	0.0032	0.0266	0.0474	0.0557	0.044
	Notes: Logit estimation coefficients. Robust standard errors in parentheses * p < 0.10, ** p
	< 0.05, *** p < 0.01					

Table 3 :

 3 Effect of weather shocks on internal migration

	Internal Migration	SPEI (1)	Rainfall (2)	SPEI (+) (3)	SPEI (-) (4)	SPEI Rural (+) (5)	SPEI Rural (-) (6)	Temperature (7)
		0.0949 ** -0.155 **	0.108 *	0.147 **	0.0719	0.0491	0.116 ***
		(0.0380) (0.0681) (0.0635) (0.0630)	(0.0659)	(0.0599)	(0.0273)
	HH size	0.00231	0.00330	0.00160	0.00294	0.00186	0.00244	0.00392
		(0.0190) (0.0190) (0.0190) (0.0190)	(0.0190)	(0.0190)	(0.0190)
	HH children	0.0287	0.0298	0.0273	0.0304	0.0274	0.0289	0.0346
		(0.0447) (0.0448) (0.0447) (0.0448)	(0.0448)	(0.0448)	(0.0448)
	24-35	-0.106	-0.105	-0.105	-0.107	-0.105	-0.107	-0.103
		(0.0825) (0.0825) (0.0825) (0.0825)	(0.0825)	(0.0825)	(0.0826)
	35+	-0.0241	-0.0223	-0.0241	-0.0247	-0.0244	-0.0257	-0.0222
		(0.0746) (0.0746) (0.0746) (0.0746)	(0.0746)	(0.0746)	(0.0747)
	Males	-0.0283	-0.0279	-0.0267	-0.0298	-0.0270	-0.0280	-0.0305
		(0.0573) (0.0572) (0.0572) (0.0573)	(0.0572)	(0.0572)	(0.0573)
	College	0.0337	0.0364	0.0327	0.0334	0.0322	0.0311	0.0350
		(0.0687) (0.0688) (0.0687) (0.0687)	(0.0687)	(0.0687)	(0.0688)
	Urban	0.114	0.141	0.107	0.115			0.222 **
		(0.0854) (0.0866) (0.0852) (0.0853)			(0.0886)
	Constant	-2.329 *** -2.387 *** -2.383 *** -2.293 ***	-2.385 ***	-2.336 ***	-2.443 ***
		(0.346)	(0.348)	(0.347)	(0.349)	(0.347)	(0.350)	(0.349)
	Observations	10173	10173	10173	10173	10173	10173	10173
	Pseudo R 2	0.044	0.044	0.044	0.044	0.044	0.044	0.046

Notes: Logit estimation. Month, year and division dummies included. Robust standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01

Table 4 :

 4 Internal migration flows Logit estimation, with month, year and division dummies included. Robust standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01

	Internal migration flows	Rural-Rural (1)	Rural-Urban (2)	Urban-Rural (3)	Urban-Urban (4)
	SPEI	0.233 ***	-0.0362	-0.326 *	0.580 ***
		(0.0665)	(0.0474)	(0.168)	(0.138)
	HH size	0.00686	-0.0166	-0.0513	0.109 *
		(0.0303)	(0.0267)	(0.0679)	(0.0592)
	HH children	0.00103	0.0514	0.209	-0.0889
		(0.0705)	(0.0610)	(0.166)	(0.153)
	25-34	-0.250 *	-0.0340	0.0595	0.196
		(0.133)	(0.108)	(0.392)	(0.298)
	35+	-0.103	-0.00335	0.275	0.0796
		(0.118)	(0.0997)	(0.331)	(0.256)
	Males	-0.00800	-0.0307	0.0253	-0.0666
		(0.0924)	(0.0760)	(0.247)	(0.195)
	College	0.0178	0.0616	-0.0607	0.0300
		(0.112)	(0.0922)	(0.285)	(0.229)
	Constant	-3.440 ***	-2.847 ***	-4.957 ***	10.48 ***
		(0.657)	(0.423)	(1.500)	(0.862)
	N	8889	8889	1247	1250
	pseudo R 2	0.051	0.027	0.118	0.131

Notes:

Table 5 :

 5 Rice growing seasonsMigrationBaseline

Table B . 4 :

 B4 Direct effect of weather shocks on migration abroad

	Migration abroad	SPEI (1)	Rainfall (2)	SPEI (+) (3)	SPEI (-) (4)	SPEI Rural (+) (5)	SPEI Rural (-) (6)	Temperature (7)
		0.0645	-0.218 **	0.107	0.0720	0.0906	0.0929	0.0591
		(0.0654)	(0.111)	(0.107)	(0.103)	(0.112)	(0.105)	(0.0401)
	HH_Size	-0.00375 -0.00234 -0.00407 -0.00357	-0.00374	-0.00285	-0.00313
		(0.0285)	(0.0285)	(0.0285)	(0.0285)	(0.0284)	(0.0285)	(0.0285)
	HH_Children -0.0618	-0.0592	-0.0630	-0.0608	-0.0631	-0.0610	-0.0580
		(0.0696)	(0.0697)	(0.0697)	(0.0696)	(0.0697)	(0.0696)	(0.0696)
	24-35	-0.163	-0.163	-0.162	-0.163	-0.162	-0.164	-0.162
		(0.138)	(0.138)	(0.138)	(0.138)	(0.138)	(0.138)	(0.138)
	35+	0.140	0.143	0.140	0.140	0.140	0.137	0.141
		(0.120)	(0.120)	(0.120)	(0.120)	(0.120)	(0.120)	(0.120)
	Males	-0.0584	-0.0582	-0.0570	-0.0589	-0.0572	-0.0586	-0.0596
		(0.0908)	(0.0908)	(0.0908)	(0.0908)	(0.0908)	(0.0909)	(0.0908)
	College	0.0267	0.0326	0.0267	0.0265	0.0264	0.0237	0.0272
		(0.107)	(0.107)	(0.107)	(0.107)	(0.107)	(0.107)	(0.107)
	Urban	0.159	0.223	0.145	0.165	0.176	0.0901	0.224
		(0.134)	(0.136)	(0.134)	(0.134)	(0.138)	(0.152)	(0.139)
	Constant	-3.258 *** -3.318 *** -3.293 *** -3.254 ***	-3.301 ***	-3.216 ***	-3.334 ***
		(0.847)	(0.844)	(0.844)	(0.845)	(0.843)	(0.846)	(0.843)
	N	10173	10173	10173	10173	10173	10173	10173
	pseudo R 2	0.062	0.062	0.062	0.061	0.061	0.061	0.062

Notes: Logit estimation. Month, year and division dummies included. Robust standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01

Table B . 5 :

 B5 Direct effect of weather shocks on migration (incl. Income) Logit estimation. Robust standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01

	Migration	(1)	(2)	(3)	(4)	Internal Migration
	SPEI24	0.0464*	0.0743***	0.0640**	0.151***	0.121***
		(0.0276)	(0.0288)	(0.0294)	(0.0400)	(0.0438)
	HH_Size	-0.0670***	-0.0224	0.0141	-0.00262	-0.00651
		(0.0174)	(0.0178)	(0.0179)	(0.0181)	(0.0206)
	HH_Children	0.116***	0.0616	0.0172	0.00258	0.0415
		(0.0417)	(0.0424)	(0.0434)	(0.0434)	(0.0488)
	Income	-0.00000205	-0.00000135	-0.00000134 -0.00000109	-0.000000342
		(0.00000280) (0.00000207) (0.00000195) (0.00000205)	(0.00000149)
	24-35	-0.168**	-0.181**	-0.179**	-0.188**	-0.130
		(0.0792)	(0.0803)	(0.0814)	(0.0818)	(0.0904)
	35+	0.0710	0.0701	0.0513	0.0209	-0.0154
		(0.0704)	(0.0713)	(0.0724)	(0.0730)	(0.0813)
	Males	-0.0491	-0.0579	-0.0519	-0.0561	-0.0623
		(0.0542)	(0.0548)	(0.0555)	(0.0558)	(0.0625)
	College	0.0882	0.105	0.0889	0.0466	0.0427
		(0.0647)	(0.0655)	(0.0665)	(0.0673)	(0.0755)
	Urban	0.237***	0.297***	0.315***	0.215**	0.191**
		(0.0813)	(0.0819)	(0.0826)	(0.0860)	(0.0953)
	Month dummies	No	Yes	Yes	Yes	Yes
	Year dummies	No	No	Yes	Yes	Yes
	Division dummies	No	No	No	Yes	Yes
	Constant	-1.195***	-1.096***	-1.696***	-2.218***	-2.736***
		(0.108)	(0.121)	(0.308)	(0.357)	(0.386)
	Pseudo R 2	0.005	0.030	0.055	0.065	0.053
	Observations	8689	8678	8678	8678	8678
	Notes:					

Table B . 6 :

 B6 Attrition (Incl. Income) Logit estimation coefficients. Income proxied by income received from land rent. Sample by rounds of BIHS survey. Robust standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01

						Exclusion
	Migration	Baseline (1)	First round (2)	Second round (3)	Third round (4)	second round
						(5)
	SPEI	0.151***	0.253***	0.0440	0.0916 +	0.183***
		(0.0400)	(0.0702)	(0.0852)	(0.0618)	(0.0457)
	HH_Size	-0.00262	-0.00688	0.0117	-0.00679	-0.00806
		(0.0181)	(0.0295)	(0.0328)	(0.0325)	(0.0215)
	HH_Children	0.00258	-0.0248	0.0681	-0.0158	-0.0196
		(0.0434)	(0.0662)	(0.0928)	(0.0747)	(0.0492)
	24-35	-0.00000109	-0.00000840	-0.00000307	-0.000000323 -0.000000438
		(0.00000205)	(0.0000105)	(0.00000367)	(0.00000153) (0.00000185)
	35+	-0.188**	-0.204 +	-0.210	-0.169	-0.187**
		(0.0818)	(0.130)	(0.166)	(0.136)	(0.0936)
	Males	0.0209	0.0875	-0.209	0.0801	0.0851
		(0.0730)	(0.118)	(0.150)	(0.121)	(0.0840)
	College	-0.0561	-0.0262	-0.0966	-0.0514	-0.0437
		(0.0558)	(0.0887)	(0.119)	(0.0925)	(0.0638)
	Urban	0.0466	-0.0680	0.00353	0.180 +	0.0528
		(0.0673)	(0.104)	(0.142)	(0.117)	(0.0770)
	Month dummies	Yes	Yes	Yes	Yes	Yes
	Year dummies	Yes	Yes	Yes	Yes	Yes
	Division dummies	Yes	Yes	Yes	Yes	Yes
	Constant	-2.218***	-1.528***	-2.956***	-1.345***	-1.312***
		(0.357)	(0.461)	(0.612)	(0.286)	(0.230)
	Observations	8678	2817	3430	2431	5248
	Pseudo R 2	0.065	0.034	0.021	0.023	0.025
	Notes:					

Table B . 7 :

 B7 Distances, Remittances and Conflict-specific migration Logit estimation coefficients. Sample by rounds of BIHS survey. Robust standard errors in parentheses * p < 0.10, ** p < 0.05, *** p < 0.01

	Migration	Baseline (1)	(2)	(3)	(4)	Exclusion Chittagong (5)
	SPEI	0.0974*** 0.0970***	0.0867**	0.0956***	0.0542 +
		(0.0347)	(0.0354)	(0.0353)	(0.0347)	(0.0376)
	Distance		-0.0000527			
			(0.000848)			
	Distance from plot			-0.0194		
				(0.0463)		
	Remittances				0.315***	
					(0.0530)	
	HH_Size	0.000991	0.000964	0.00380	0.000694	0.00869
		(0.0167)	(0.0167)	(0.0174)	(0.0167)	(0.0186)
	HH_Children	0.00149	0.00151	-0.00651	0.00640	-0.00916
		(0.0400)	(0.0400)	(0.0413)	(0.0400)	(0.0454)
	24-35	-0.134*	-0.134*	-0.123 +	-0.133*	-0.146*
		(0.0747)	(0.0747)	(0.0769)	(0.0747)	(0.0834)
	35+	0.0232	0.0231	0.0416	0.0237	0.0325
		(0.0672)	(0.0672)	(0.0691)	(0.0672)	(0.0754)
	Males	-0.0398	-0.0398	-0.0292	-0.0421	-0.0617
		(0.0513)	(0.0513)	(0.0527)	(0.0513)	(0.0575)
	College	0.0350	0.0350	0.0462	0.0290	0.0450
		(0.0613)	(0.0613)	(0.0630)	(0.0613)	(0.0681)
	Urban	0.154**	0.151 +	0.156**	0.131*	0.0108
		(0.0767)	(0.0970)	(0.0786)	(0.0770)	(0.0959)
	Month dummies	Yes	Yes	Yes	Yes	Yes
	Year dummies	Yes	Yes	Yes	Yes	Yes
	Division dummies	Yes	Yes	Yes	Yes	Yes
	Constant	-1.938***	-1.934***	-1.909***	-2.029***	-1.889***
		(0.323)	(0.325)	(0.337)	(0.324)	(0.333)
	Observations	10173	10173	9624	10173	8540
	Pseudo R 2	0.056	0.056	0.057	0.059	0.040
	Notes:					
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confirm the previous literature on weather-related migration effects.

https://www.cgdev.org/publication/dataset-vulnerability-climate-change

Internaional Natural Disasters Database, Université Catholique de Louvain, Belgium. Source : https://www.emdat.be/

additional SPEI shock, to migrate in the age group of 24-35 than younger household populations.

Again, along with the baseline effect, the empirical findings are robust and higher in magnitude during rice crop-growing seasons (col. 5).

Furthermore, in the Table 6, there is a repeated estimation of the baseline across two dimensions, income, and wealth. First, in the case of income (col. 2), I used the variable of income received from land rent from the survey data, as it was the closest proxy for income that was available enough in the data (85% of the sample available). For the second part, wealth, I constructed an assetbased index basen on various household characteristics (electricity connection, number of portable telephones, quality of dwellings in terms of floor, roof and walls, number of rooms among others). In order to construct this variable, I made a principal component analysis to check if the principal components taken to construct the index are significant and homogenous (see in the Appendix the Table B.2 with the correlation between the principal components used to generate the wealth index as a proxy for the level of wealth for each household (in tercile distribution, col. 3-5).

Interestingly, when including income in the estimation, there is also a development of significance, with respect to the baseline effect, as 15.1% is the average, additional likelihood of a household member to migrate, due to an additional SPEI shock, ceteris paribus. The magnitude of this effect, in terms of wealth, is higher and more significant in the lower tercile of the wealth distribution than the highest percentile, whereas, in the middle tercile, there is no significant effect. Same robust results in the case of the age group 25-34, driven mostly by the top tercile of the wealth distribution. 

Statistical tables