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Abstract: This study investigates the impacts of rainfall variability on migration, off-farm activities and transfers in rural Ethiopia. We develop a unitary agricultural household model in which migration, (on-farm, off-farm, and urban) labor supplies and transfers are jointly determined. Hypotheses about the partial effects of rainfall shocks on these household decisions are derived from the theoretical framework and are tested using a multi-wave household survey combined with village-level weather dataset. We find that the share of out-migrated household members and per capita off-farm labor supply decrease with average rainfall in the main growing seasons, and increase with the standard deviation of average rainfall in the main growing seasons in the five years prior to the survey. The level and standard deviation of rainfall are shown to have indeterminate effects on the amount of transfers that households receive from the extended family or informal social safety nets.
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[bookmark: _Toc445206103]1 Introduction
In many developing countries, income risks driven by fluctuating weather conditions pose an important threat to rural population who relies heavily on rainfed agriculture. Rural households employ a variety of ex ante and ex post coping and/or adaptation strategies to protect against rainfall fluctuations and associated income risks. First, farmers can switch to more resilient cropping practices by adopting drought-resistant crop varieties, investing in irrigation infrastructure, and changing crop management practices. Second, farmers may diversify their income source by engaging in off-farm activities. Third, family members of the farm households can migrate to urban areas for employment, which frees up resources for the remaining members, and enables remittances from the migrants during hard times at home. Fourth, farmers can participate in transfer programs either by applying for social assistance programs offered by the government, or by participating in informal social safety nets (ISSN) that are often kinship based.
A growing body of literature has examined the relationship between weather shocks and rural households’ migration, off-farm labor supply, and transfers. Yet empirical studies generate more disagreement than consensus. For example, while some find strong migration-climate linkages (see Barrios, Bertinelli, and Strobl 2006; Henderson, Storeygard, and Deichmann 2015; Marchiori, Maystadt, and Schumacher 2012 for macroeconomic evidence, and Dillon, Mueller, and Salau 2011; Mueller, Gray, and Kosec 2014 for microeconomic evidence), others suggest that rural households’ migratory responses to climate change are subtle and nuanced, and sometimes even opposite to what is commonly expected (macro-level evidence: Joseph and Wodon 2013; Marchiori, Maystadt, and Schumacher 2015; Ruyssen and Rayp 2014, and micro-level evidence: Bohra-Mishra, Oppenheimer, and Hsiang 2014; Etzold et al. 2014; Gray 2009; Gray and Mueller 2012a; Gray and Mueller 2012b; Henry et al. 2004; Lewin, Fisher, and Weber 2012; Massey, Axinn, and Ghimire 2010).
Similarly, a number of previous studies have reported mixed results regarding the links between climate change and off-farm labor supply, with some supporting a clear-cut association (Bezabih et al. 2010; Ito and Kurosaki 2009; Porter 2012; Rose 2001), and others suggesting an inconclusive relationship (Bandyopadhyay and Skoufias 2013; Demeke and Zeller 2012; Kijima, Matsumoto, and Yamano 2006; Malapit et al. 2008; Rijkers and Söderbom 2013). In addition, the literature gives different accounts of the motives for and response to public and private transfers (Dercon and Krishnan 2003; Bohra-Mishra 2012; Bouoiyour and Miftah 2015; de Brauw, Mueller, and Woldehanna 2013; Lucas and Stark 1985; Yang and Choi 2007; Kazianga 2006).
The present study investigates the impacts of rainfall variability on migration, off-farm activities and transfers in rural Ethiopia, where evidence remains sparse. Only a handful of studies have examined the effects of rainfall on migration and off-farm labor supply, and to the best of my knowledge no one has evaluated the effects on transfers[footnoteRef:2]. In terms of existing studies in Ethiopia, Gray and Mueller (2012a) show that drought increases men’s labor-related migration, but decreases women’s marriage-related migration, concluding that “adverse environmental conditions often increase mobility, but not always”. Regarding off-farm labor supply, Bezabih et al. (2010) find that off-farm employment increases with rainfall variability, and Porter (2012) reports that bad rainfall reduces crop earned income, and boosts non-crop earned income, implying that rural households in Ethiopia shift labor from farm to off-farm activities in response to adverse shocks. These findings, however, are not completely consistent with Demeke and Zeller's (2012) as well as Rijkers and Söderbom (2013). Demeke and Zeller (2012) claim that the effect of weather risk on participation in off-farm work depends on the type of off-farm activity, with low levels and high variability of rainfall driving households to low-return activities and away from high-return activities. Rijkers and Söderbom (2013) argue that the likelihood of running a non-farm enterprise is not responsive to ex ante climatic risk, measured by the standard deviation of water requirement satisfaction index (WRSI); instead it increases with the contemporaneous climatic shocks as measured by WRSI level. [2:  Many studies in the literature have assessed the impact of transfer on rural households’ consumption, poverty alleviation, food security, well-being (Dercon and Krishnan 2003; Berhane et al. 2014; Hunnes 2014; Sumarto, Suryahadi, and Widyanti 2005; Gilligan, Hoddinott, and Taffesse 2009; Hoddinott et al. 2012).] 

Our study differs from the above studies in several empirical aspects. First, it considers migration, off-farm labor supply, and social safety nets decisions in the same framework, rather than concentrating on only one aspect. Second, compared with Gray and Mueller (2012a) who utilize reported, endogenous drought data, we use observed, exogenous, high-quality historical rainfall data to characterize weather fluctuations. Thus, we are more likely to identify causal effects of weather anomalies on migration and other outcomes. Third, while four out of the five Ethiopian studies focus on dummy dependent variables for household decisions, this study constructs continuous dependent variables and addresses data censoring issues by employing Tobit models. The estimation strategy makes it possible to elicit information on the magnitude of responses to changes in rainfall means and variability.
The paper contributes to the existing literature in a number of ways. First, it develops a theoretical framework in which family labor is allocated among on-farm, off-farm, and urban (after migration) work. At the same time, participation in public transfer programs as well as family and other ISSN transfers is decided by the household. Hypotheses developed from the framework are then empirically tested. In addition, with more precise historical rainfall data, it identifies the short- and medium- term labor and transfer responses to rainfall shocks. Moreover, it fills a literature gap on the impact of climate change on public and private transfers, and explicitly distinguish the effects of rainfall shock on public transfers from effects on family and other ISSN transfers. Finally, the expected effects of not only levels of rainfall, but also variance of rainfall, are derived in our theoretical framework and subsequently estimated.
The hypotheses derived from the theoretical framework are tested using a multi-wave household survey, the Ethiopian Rural Household Survey (ERHS), and measures of village-level rainfall shocks from a high resolution, historical rainfall dataset. Consistent with expectations from the theoretical framework, we find that the share of out-migrated household members and per capita off-farm labor supply decrease with the ratio of rainfall mean in the main (Meher) growing seasons to the 30-year historical rainfall mean, and increase with the standard deviation of rainfall in the main growing seasons. The level and standard deviation of rainfall are shown to have indeterminate effects on the amount of transfers that households receive from extended family and the ISSN. Contrary to our theoretical predictions, we find that the probability of participating in public transfer programs decreases with increases in the standard deviation of rainfall in the main growing seasons of the five years prior to the survey.
Overall, the results provide a comprehensive view of household adaptation strategies beyond agriculture based activities. The information generated from the study suggests that Sub-Saharan Africa will adapt to climatic change through increased off-farm employment and migration. In light of these findings, climate adaption policies should be designed to support rural households’ migration and urban employment, as well as off-farm activities. Both public and informal private transfers appear to be less effective mechanisms for ameliorating impacts of adverse climatic shocks. Informal transfers may be ineffective due to the covariate nature of climatic shocks that reduce transfer supplies from similarly impacted households. By contrast, public transfers may be ineffective due to slow program response in times of crises.
The rest of this paper is organized as follows. Section 2 presents the theoretical framework and section 3 explains the data. Sections 4 and 5 discuss the empirical strategies and the main results. Section 6 distills the implications of the results and concludes.

[bookmark: _Toc445206104]2 Theoretical Framework
Following Ito and Kurosaki (2009), Bellemare, Barrett, and Just (2013) and Kleinwechter and Grethe (2015), we propose a unitary agricultural household model[footnoteRef:3], in which the household’s production (labor demand) and consumption (labor supply) decisions are non-separable, and migration, off-farm activities, participation in public assistance program, and the amount of transfers from ISSN are jointly determined. To maximize household expected lifetime utility, a representative, risk-averse household simultaneously makes three decisions: (1) whether to have adult members migrate, and if so what share of adults should migrate; (2) how much remaining family labor to be allocated to on-farm and to off-farm activities; and (3) whether to participate in a public assistance program. Further, the sender of private transfers decides a transfer level to be received by the household. Rainfall shocks enter the model through the agricultural production function, and affect the household’s decisions in two ways: (1) an increase in rainfall level increases expected agricultural income, thus making on-farm activities more attractive; and (2) an increase in rainfall variability increases the variance of agricultural income and the level of food insecurity, thus making steady income flows from urban migrants and local off-farm jobs more attractive. Rainfall shocks also affect the decision of the sender (extended family or other ISSN) of private transfers to the household by changing their income level. We discuss the impact of rainfall mean and variance on transfers and, particularly, the potential differentiated effect on public transfers and transfers from extended family and other ISSNs at the end of the section. [3:  We did not use a collective household model because of the limitations of data. The household survey does not contain information on bargaining powers of individual household members, and the basic demographic information of those left the household or died since last survey rounds is missing and difficult to be traced back.] 


[bookmark: _Toc445206105]2.1 Model setup







Consider a world of three agents: a risk averse rural household, a (risk neutral) government (also a sender of public transfers), and a risk averse extended family or ISSN sender of private transfers. The household is the sole potential recipient of the public and private transfers. The rural household has a total time endowment of , to be allocated among on-farm work (), local off-farm work (), urban nonagricultural work after migration (), and leisure ().  is the fraction of total time allocated to urban work ().
The government provides a social protection program to help the household cope with climatic shocks. The household must apply to get benefits, and the benefit level depends inversely on the household’s agricultural income and off-farm income. Following Moffitt (1983), people choose whether to participate in public programs or not, and may not participate in public programs for which they are eligible due to costs of the program participation including disutility associated with welfare stigma. Thus, participation of eligible households in the public safety net program is decided by the household rather than the government, as part of the household’s utility maximization problem.

The sender of extended family or other ISSN transfers decides the amount of transfers to maximize total welfare of the sender and the recipient by allocating its total resources available, , among both parties. [footnoteRef:4] [4:  See Fafchamp (1992) for a theoretical framework on social safety network in general and Dercon (2002) for an empirical study on social safety network in Ethiopia. ] 






The climatic conditions of the target rural area can be described by a vector of variables  during the growing season, notably the temperature  and the rainfall. For simplicity, we focus on rainfall with mean  and variance , with different time durations of these measures as appropriate.
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2.2 Weather shocks and agricultural productivity
The household farm’s production function is continuous, twice differentiable, and exhibit positive and diminishing marginal products of farm labor and land 

	




where  is the output of a staple good, and is fixed land endowment. Denoting the price of agricultural output as which is fixed and exogenous in our model, the household’s agricultural income is .
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The household’s Von Neumann–Morgenstern utility function is given by  , where  is food consumption,  is the numeraire composite commodity for non-food, and  is a continuous variable measuring the extent of participation in the public transfer programs.[footnoteRef:5]  is utility derived from consumption, and  reflects the household’s preference over different labor activities and participation in a public transfer program. [5:  Here  is assumed to be a continuous variable for simplicity of deriving our hypotheses. It can be a dichotomous variable regard which similar hypotheses can be derived from the model. ] 

The household’s budget constraint is

	 	










where  is the wage rate for off-farm labor;is the value of total remittances the household received from its migrants, which depends on the urban wage rate , total time allocated to urban work, and a multiplicative random term  with mean  and variance  indicating the probability of urban employment;  and  are the value of transfer received from the government and from ISSNs (excluding migrants), respectively; and  is total expenditure on consumption. We assume that 
 Consider a two-period model. In period 1, the rainfall shock is unknown. The household decides on labor supply proactively and enjoys leisure accordingly. After period 1, the output is observed with rainfall shock realized, and the income from labor activities and thus consumption expenditure is determined. In period 2, the household allocates the expenditure into food and nonfood. The household maximizes its expected utility at the beginning of period 1:

	 	 
where the constraints are for budget, production, time, nonnegative migration share and program participation level.

Solving the second-period problem, we can obtain the indirect utility function . Then the problem can be rewritten as

	 	
Using a mean-variance framework (Markowitz 1952; Markowitz 2014), the above problem is equivalent to

	 	
The solution to this problem can be expressed as

	 	 
Note that 

	 
it follows from monotone comparative statics (Milgrom and Shannon 1994; Shannon 1995; Ashworth and De Bueno Mesquita 2006) that the share of out-migration, off-farm labor supply, and public safety net participation decrease with mean rainfall and increase with the variance of rainfall:

	 	

and when  is treated as a dichotomous variable, the corresponding hypotheses are

	 
	
[bookmark: _Toc445206108]2.4 The transfer sender’s problem
The objective of the sender is to maximize total weighted welfare of the sender and the recipient by allocating its available resources among both parties. Its objective function is

	 







where  is decision weight to the household,  is the recipient household’s welfare function,  is the expected income in case of no negative rainfall shock,  is the transfer to the household,  is the sender’s welfare function,  is money kept for the sender itself. Both welfare functions are continuously twice differentiable, increasing and quasi-concave. Note that we assume  is exogenous to the sender, implying that the strategic behavior between the sender and the household is ignored.

If rainfall shocks are covariate, the sender may face a correlated risk with the recipient household, which decreases sender ability to supply transfers when recipient household demand increases. In the case of adverse rainfall shocks (below average rainfall levels, or above average rainfall variations), the household suffers from expected loss  , with

	 	
and total resource of the sender is also random, with

	 	
The sender solves the following problem:

	 
Analysis of the first order condition and the implicit function theorem reveal that the signs of the impacts of rainfall mean and variance on ISSN transfers to the recipient household are ambiguous under assumptions (7) and (8):

	 	
Note that the analysis here also applies to transfers from the extended family members (also called “remittance”) as well because essentially they are a form of ISSN and are likely to be affected by the covariate weather shocks. As a result, mean rainfall and variance of rainfall have ambiguous signs. Different impacts of rainfall means and variances on family remittances and other transfers will likely stem from differences in the strength of the covariance of shocks between sender and recipient household.

[bookmark: _Toc445206109]2.5 Public transfers versus transfers from ISSN
Equations (6) and (9) provide the hypotheses to be tested. The differentiated effects of rainfall shocks on public transfer and on transfers from the ISSN stems from two facts: (1) In the case of a rainfall shock, the supply of transfers from the ISSN will be affected due to covariate shocks to transfer sending households, resulting in a shift in the supply curve of private transfers. By contrast, the supply of public transfers will not be affected by shocks. (2) The participation decision of public transfers is made on the household demand side, whereas the amount decision for private transfers is made on the supply side by sending households.

[bookmark: _Toc445206110]3 Data
Household-level data from ERHS[footnoteRef:6] are joined with village-level rainfall data to form a unique panel dataset, which are then used to test the hypotheses developed above. The dataset contains detailed information on migration, off-farm activities, and transfers of approximately 1,500 households in 15 rural villages (kebeles, wards, or peasant associations (PAs)) from 1994 to 2009, as well as local historical daily rainfall records from 1979 to 2009. [6:  These data have been made available by the Economics Department, Addis Ababa University, the Centre for the Study of African Economies, University of Oxford and the International Food Policy Research Institute. https://dataverse.harvard.edu/dataset.xhtml?persistentId=hdl:1902.1/15646.] 


[bookmark: _Toc445206111]3.1 Household data
The ERHS was conducted initially in 1989 in seven villages located in three regional states in Ethiopia. Six of the seven villages were revisited and joined by nine new villages in 1994 and subsequent six rounds in 1995, 1997, 1999, 2004 and 2009, giving a sample of about 1500 households in 15 villages across the country (see Figure 1 for locations). [footnoteRef:7] The villages were selected to account for diversity in the farming systems in Ethiopia, and within each village households were sampled through a stratified random sample. [7:  All figures and tables are placed separately at the end of the article.] 

According to Gray and Mueller (2012a), the 15 villages covered in the ERHS are characterized by seasonal and fluctuating rainfall. Rainfall occurs mainly during the Kiremt season in the summer, and in some villages also during the Belg season in the spring. Average annual precipitation in these villages ranges from 470 to 1300 mm (18 to 51 inches). Historically, severe droughts occurred in 1999, 2002–2003, 2005, and 2008, and their adverse effects could not be fully mitigated by the government’s social protection programs.
The survey was implemented by interviewers using a structured questionnaire in each sample household. This questionnaire collected information on household demographics, assets, expenditures, agricultural activities, as well as community level data on electricity and water, sewage and toilet facilities, health services, education, NGO activity, migration, wages, and production and marketing. Many questions remain the same across survey panel rounds. We use household level panel data from the 1999, 2004 and 2009 rounds, with a total sample size of about 4300 household observations.
The survey has two notable features: (1) Attrition at the household level is very low at 1.3% per year and 13.2% in total between 1994 and 2004. (2) Although only 15 of the thousands of villages in rural Ethiopia were sampled, they are broadly representative of households in non-pastoralist farming systems, and many of the average health and nutrition outcome variables in ERHS were very similar to those in the nationally representative Welfare Monitoring System collected by the Central Statistical Office as of 1994 (Dercon and Hoddinott 2011).

[bookmark: _Toc445206112]3.2 Weather data
Climatic data were drawn from the African Flood and Drought Monitor (AFDM)[footnoteRef:8], with precipitation (mm), maximum temperature (K), and minimum temperature (K) on a daily basis. The weather data are at the village level because geographic information system (GIS) information on household plots is not available. This scale is consistent with the notion that weather is a covariate household risk/shock rather than an idiosyncratic one. The unobserved weather data for each village are approximated by the inverse distance weighting interpolation method, using weather data from the four nearest grids around the village. [8:  The AFDM, developed by Princeton University, uses available satellite remote sensing and in-situ information, a hydrologic modeling platform and a web-based user interface for operational and research use in Africa. Based on macro-scale hydrologic modeling, the system employs available data to provide real-time assessment of the water cycle and drought conditions, and puts this in the context of the long-term record dating back to 1950. http://hydrology.princeton.edu/monitor.] 

The four key climatic variables used in this study are: (1) the mean daily rainfall in the main growing season divided by the historical mean daily rainfall in that season in the past 30 years, (2) the standard deviation of daily rainfall in the main growing season in the five years ending in the year before the survey, (3) total growing degree days (GDD) in the main growing season in the year prior to the survey, and (4) total extreme heat degree days (EHDD) in the main growing season in the year prior to the survey. Daily rainfall is first averaged for the main rainy season (June 16th to September 15th) level in each year, and these yearly rainfall data are used to calculate the running “standard deviation” of average daily rainfall in the main rainy season in the past five years.[footnoteRef:9] Total GDD and EHDD in the main growing season are derived using daily maximum and minimum temperatures, as described in Appendix A. [9:  Strictly speaking, these variable are not standard deviations from rainfall distribution since we only have five data points for each of such variable, but they provide some measure of rainfall variability across year. These inter-annual variations can be perceived by the households, and influence their between season labor market related decisions.] 

Previous studies generally find that the total number of GDD has a positive impact on agricultural production and hence on agricultural income, whereas the total number of EHDD has a negative impact (Schlenker and Roberts 2006; Schlenker and Roberts 2009; Roberts, Schlenker, and Eyer 2013). Therefore, the total number of GDD and the total number of EHDD are expected to have the same signs as mean rainfall and rainfall variation, respectively, when they are included in the estimation.
We focus on weather measures in the main growing season (Meher) for two reasons. First, Meher is the main growing season when most of annual rainfall occurs and most of annual agricultural income is generated, thus the main season has the greater potential to determine annual agricultural income. Second, while almost all households grow crops in the Meher growing season, only 52% of them grow in the minor (Belg) season. Thus the use of rainfall in the Belg season in regression will greatly decrease village-level variation in rainfall.

[bookmark: _Toc445206113]3.3 Variables and summary statistics
The dependent variables are: (1) the shares of migrated-out household members due to labor market reasons (looking for a job, contract ended, etc.) in the past five years prior to survey; (2) the number of days worked off-farm per capita in the past four months, which is the total number of days worked off-farm by the household divided by the household size before migration; (3) a dichotomous variable indicating whether the household received transfers from the governments in the past year prior to survey, which is the total received transfers from the governments divided by the household size before migration; (4) the per capita real monetary value of transfers from former household members in the past year prior to the survey, which again using the household size before migration as the base; and (5) the per capita real monetary value of transfers from other ISSN in the past year prior to survey.
Tables 1 and 2 list the variables used in the estimation and present the summary statistics, respectively. On average, a household has eight members before migration, and 3% of them have migrated from rural villages to urban areas. Adult members work off-farm for an average of 16 days (or three days per household member) in the past four months. 24% of the households received public transfers in the past year. Households receive on average 2.73 and 6.50 Birrs in per capita transfers from former household members and the ISSN, respectively. For the main growing season, the average ratio of mean rainfall in the past five years to historical mean rainfall is 1.03, indicating rainfall in the period is roughly at the historical mean. The average standard deviation in the past five years in the main growing season is 1.76. The average ratio of rainfall in the past year to the historical mean is 1.24.

[bookmark: _Toc445206114]4 Empirical Strategies
The empirical models employed account for the nature of corner solutions in the dependent variable. For the participation in public transfer, the dependent variable is a discrete indicator. Consider household i in village j at year t, we specify the following conditional (fixed effects) panel logit model:

	 
where

 = participation decision for public transfers, equal to 1 if the household participates and 0 if not;

 = mean daily rainfall in the main growing season in the past year in village j at time t;

 = mean daily rainfall in the main growing season in the past 30 years in village j;

 = observed standard deviation of rainfall in the main growing season in the past five years village j at time t;

 = household level fixed effect;

 = idiosyncratic random term.
An alternative specification is a panel linear probability model (LPM):

	 

The other four dependent variables all have a high portion of zero responses. For example, 89.67% of the households reported they did not have any household member migrate to urban areas across the 1999, 2004 and 2009 survey panels, indicating that the distribution of the share of migration variable is highly skewed at 0.
To address this corner solution problem, we use a panel data Tobit model. Consider household i in village j at year t, we specify the following model for the dependent variable:

	 
	
where

 = the latent dependent variable;

 = the observed dependent variable;

 = mean daily rainfall in the main growing season in the past five years or the past year in village j at time t;

 = mean daily rainfall in the main growing season in the past 30 years in village j;

 = observed standard deviation of rainfall in the main growing season in the past five years village j at time t;

 = household level fixed effect;

 = idiosyncratic random term.

The time frame for the rainfall variables employed in the regressions differs in the specifications to be consistent with the time frame the household uses in determining the dependent variable. The share of migration is calculated from the roster card that recorded household members who have left the household since the last round of survey (in our panel the gap between survey rounds is five years), thus the previous five years is the time frame used in constructing both the mean and variance of rainfall. For off-farm labor supply, the households were asked “[How many] Days worked IN THE LAST FOUR MONTHS?” Thus, in order to make sure the time frame includes at least one main season, the time frame for constructing the mean of rainfall is one year prior to the survey. However, the standard deviation is still calculated over the past five year, to allow for household adjustments to a more variable rainfall environment.
The public, family and ISSN transfer variables are built from questions like “Has the household RECEIVED any other income (such as remittances from friends/relatives, gifts, food aid/other aid, payment for health or education, [or] any other transfers) IN THE LAST 12 (13 ETHIOPIAN) MONTHS?”, thus one year prior to survey is an appropriate time frame for the mean of rainfall.[footnoteRef:10] For the standard deviation of rainfall, we use five years prior to survey as its time frame for all dependent variables to allow for household transfer response to observed village rainfall variability for each village. [10:  The questionnaire can be accessed at: https://dataverse.harvard.edu/dataset.xhtml?persistentId=hdl:1902.1/15646.] 

There is no parametric fixed effects Tobit model for panel data, so we employ a semiparametric fixed effects Tobit model developed by Honore (1992). This fixed effects model, however, does not allow the calculation of marginal effects of rainfall variables on the dependent variables. As a result, we also estimate parametric correlated random effects panel Tobit models which assume that the unobserved heterogeneity is determined by the vector of time-average independent variables (Mundlak 1978; Chamberlain 1980). The model is specified as

	 
where

 = mean daily rainfall in the main growing season in the past five years or the past year averaged to village j;

 = observed standard deviation of rainfall in the main growing season in the past five years averaged to village j.

[bookmark: _Toc445206115]5 Results and Discussion
Below we describe the estimation results from the out-migration, off-farm labor supply, participation in public transfers, and transfers from ISSN models.

[bookmark: _Toc445206116]5.1 Share of out-migration
The point estimates of the Tobit models for the share of out-migration are presented in Table 3. The effects of rainfall levels and rainfall variance on the share of out-migration are significant in both fixed effects and correlated random effects models and are consistent with the predications from the theoretical model. The marginal effects weather variables on the five coping strategies are given in Table 8 based on results from the correlated random effects Tobit models. Holding everything else constant, a 10 percent increase in the mean rainfall ratio decreases the share of adult household member out-migration by 0.5 percentage points. By contrast, a one millimeter increase in the standard deviation of daily rainfall in the main growing season over the past five years increases the share of out-migration by 1.1 percentage points.
Out-migration is not responsive to temperature shocks. Total number of GDD and EHDD in the main growing seasons in the past five years do not have significant impacts on the share of out-migration.

[bookmark: _Toc445206117]5.2 Off-farm labor supply
The results of Tobit models for the off-farm labor supply are presented in Table 4. The effects of rainfall shocks on the per capita working days off the farm are again significant and consistent with our theoretical predication based on the CRE Tobit model. Holding everything else constant, a 10 percent increase in the mean rainfall ratio decreases per capita off-farm labor supply in the past four months by 0.60 days. A one millimeter increase in the standard deviation of rainfall in the main growing season over the past five years increases the per capita off-farm labor supply in the past four months by 1.2 days. Except for the rainfall ratio, results from the fixed effects Tobit model are consistent with those from the CRE Tobit model in terms of significance and signs.
Off-farm labor supply is responsive to temperature shocks. Total number of GDD in the main growing season in the past year has a negative and significant impact on the per capita working days off the farm, and total number of EHDD has a positive and significant impact. An increase in GDD by 10 degree days reduces per capita off-farm labor supply by 0.4 days, and an increase in EHDD by 10 degree days increases per capita off-farm labor supply by 6.2 days.

[bookmark: _Toc445206118]5.3 Transfers
The results of the decision to participate in public transfers are shown in Table 5. Year indicators are included in the regressions to take into account the fact that the survey question about transfers differs across survey rounds. Results on rainfall shocks are generally contrary to the hypotheses. The effect of the ratio of mean rainfall is positive and significant in the fixed effects logit model, but insignificant in the LPM model. The standard deviation of rainfall is significant in both models, but the sign for the standard deviation of rainfall is negative, contrary to our theoretical prediction. In the theoretical model, the total resource of the government is assumed to be fixed and exogenous, which may explain why the results do not agree with the hypotheses. Results on temperature shocks are mixed. Total number of GDD has a negative impact in fixed effects logit model, but has a positive impact in LPM model. Total number of EHDD has a positive and significant impact in both models, implying that applying for and receiving public transfers is responsive to extreme heat shocks.
Results for the value of transfers from former household members and from other ISSNs are shown in Tables 6 and 7. Consistent with our theoretical model, the mean rainfall level and standard deviation of rainfall are found to have no effect on the real value of remittances from former household members (Table 6). Fixed effects Tobit model and correlated random effect Tobit model give different accounts of the effect of rainfall shocks on the real value of transfers from ISSN (Table 7). No effects of mean rainfall and standard deviation of rainfall are found in the fixed effect Tobit model, whereas in the random effect Tobit model the standard deviation of rainfall is shown to be significant and positively related to the real value of ISSN transfers. According to the correlated random effect model, a one millimeter increase in the standard deviation of rainfall in the main growing season in the past five years increases the value of transfers from ISSN (excluding remittance) by 1.55 Birrs in 1994 prices.
The two models give conflicting results about the impacts of temperature shocks. Total number of GDD and total number of EHDD do not have significant impacts on remittances and ISSN transfers based on the fixed effects Tobit model. In CRE Tobit model, however, the effect of total number of GDD on the real value of remittances is significant and negative, the effect of total number of GDD on the real value of ISSN transfers is significant and positive, and the effect of total number of EHDD on the real value of remittances is significant and positive.

[bookmark: _Toc445206119]6 Concluding Remarks
The present study evaluates the impacts of rainfall level and variability on migration, off-farm activities and public and private transfers in rural Ethiopia. We develop a theoretical framework in which family labor is allocated among on-farm, off-farm, and urban (after migration) work. Migration and off-farm labor supply decisions are modeled as part of a utility maximization process collectively by the household, and several hypotheses are developed on the relationship between rainfall shocks and migration, off-farm labor supply, and assistance transfers.
The theoretical framework is applied to a household panel data set in Ethiopia. We find that the share of out-migrated household members decreases with increases in the ratio of past five-year mean rainfall level to the 30-year historical mean rainfall level. Out-migration share also increases with the past five-year standard deviation of rainfall in the main growing season. Similarly, per capita off-farm labor supply decreases with the ratio of mean rainfall level in the main growing season of the year prior to the survey to 30-year historical mean rainfall level, and increases with the standard deviation of rainfall in the main growing seasons over the five years prior to the survey. Consistent with expectations for a covariate rainfall shock in the theoretical framework, the level and standard deviation of rainfall are shown to have no effect on the amount of transfer that households receive from the former household members, and only the standard deviation of rainfall has effect on the amount of transfers from ISSN, suggesting that households may build stronger social assistance network networks in more variable rainfall environments. Contrary to hypotheses developed from our theoretical model, the households are less likely to participate in public assistance programs if the standard deviation of rainfall in the main growing seasons over the five years prior to the survey increases. Households also show little response in public transfer use to mean rainfall, suggesting that social programs may need to improve their capacity to scale up social protection coverage in response to adverse climatic conditions.
Overall, the paper presents a coherent picture on the responsiveness of different coping strategies to rainfall shocks in rural Ethiopia. We find that migration and off-farm labor supply do respond to rainfall level and variability, whereas transfers from family and other ISSN do not. This information will improve Sub-Saharan Africa countries’ abilities to adapt to and cope with climatic change. For example, policy makers are advised to support investments in interventions that facilitate rural households’ migration and urban employment, as well as off-farm activities. At the same time, further research is needed to determine if lack of household use of public transfers to buffer adverse climatic shocks is due to a lack of household demand for increased public assistance or to a lack program response, in terms of transfer supply, to household needs. 
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[bookmark: _Toc445206134]Figure 1 Locations of surveys villages



[bookmark: _Toc445390635]Table 1 Variable definition
	Variable name
	Definition

	sharlabmigo
	Share of migrated-out household members due to labor market reasons in the past five years

	nddwkpc
	Number of days worked off-farm per capita in the past four months

	dtrsfgov
	=1 if the household received transfers from the government in the past year

	rvalfhhmempc
	Per capita real monetary value of transfers from former HH members in the past year (1994 price)

	rvalfissnpc
	Per capita real monetary value of transfers from informal social safety nets in the past year (1994 price)

	fhhsize
	Household size before migration

	hhsize
	Current household size

	ravrainmgp5yL1
	Ratio of mean daily rainfall in the main growing season in the past five years of survey to its historical mean, lagged one year

	ravainmgyL1
	Ratio of mean daily rainfall in the main growing season in the year of survey to its historical mean, lagged one year

	sdrainmgp5yL1
	Inter-annual standard deviation of mean daily rainfall during the main growing season over past five years of survey, lagged one year

	avtgddmgp5yL1
	Average total growing degree days in the main growing season in the past five years of survey, lagged one year

	avthddmgp5yL1
	Average total extreme heat degree days in the main growing season in the past five years of survey, lagged one year

	tgddmgyL1
	Total growing degree days in the main growing season in the year of survey, lagged one year

	thddmgyL1
	Total extreme heat degree days in the main growing season in year of survey, lagged one year

	ravrainmgp5yL1b	
	Mean of ravrainmgp5yL1 over survey rounds

	ravainmgyL1b
	Mean of ravainmgyL1 over survey rounds

	sdrainmgp5yL1b
	Mean of sdrainmgp5yL1 over survey rounds

	avtgddmgp5yL1b
	Mean of avtgddmgp5yL1 over survey rounds

	avthddmgp5yL1b
	Mean of avthddmgp5yL1 over survey rounds

	tgddmgyL1b
	Mean of tgddmgyL1 over survey rounds

	thddmgyL1b
	Mean of thddmgyL1 over survey rounds
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	Variable
	Obs
	Mean
	Std. Dev.
	Min
	Max

	sharlabmigo
	4631
	0.0261
	0.0687
	0.0000
	0.6000

	nddwkpc
	4631
	3.0704
	8.2305
	0.0000
	141.0000

	dtrsfgov
	4633
	0.2359
	0.4246
	0
	1

	rvalfhhmempc
	4183
	2.7282
	28.4579
	0.0000
	1060.3980

	rvalfissnpc
	4183
	6.5028
	28.7020
	0.0000
	577.4697

	fhhsize
	4631
	8.4841
	3.6897
	1
	31

	hhsize
	4631
	5.8013
	2.6613
	1
	18

	ravrainmgp5yL1
	4633
	1.0309
	0.1525
	0.6876
	1.3635

	ravrainmgyL1
	4633
	1.2380
	0.4154
	0.2646
	2.4483

	sdrainmgp5yL1
	4633
	1.7554
	0.9519
	0.3172
	4.9500

	avtgddmgp5yL1
	4633
	213.2354
	78.3357
	89.6296
	363.6250

	avthddmgp5yL1
	4633
	0.9478
	2.0046
	0.0000
	9.1612

	tgddmgyL1
	4633
	215.7937
	79.3052
	78.7352
	372.6747

	thddmgyL1
	4633
	0.7919
	2.0186
	0.0000
	11.0965

	ravrainmgp5yL1b
	4633
	1.0309
	0.0945
	0.6876
	1.3291

	ravrainmgyL1b
	4633
	1.2380
	0.1793
	0.4899
	2.4483

	sdrainmgp5yL1b
	4633
	1.7554
	0.6574
	0.3172
	4.9500

	avtgddmgp5yL1b
	4633
	213.2354
	78.1335
	92.7292
	362.6740

	avthddmgp5yL1b
	4633
	0.9478
	1.9815
	0.0000
	9.0744

	tgddmgyL1b
	4633
	215.7937
	78.2436
	88.1135
	370.6117

	thddmgyL1b
	4633
	0.7919
	1.7482
	0.0000
	9.4142
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	(1)
	(2)

	
	FE Tobit
	CRE Tobit

	fhhsize
	0.003
	0.017****

	
	(0.00)
	(0.00)

	ravrainmgp5yL1
	-0.268****
	-0.297****

	
	(0.05)
	(0.05)

	sdrainmgp5yL1
	0.058****
	0.065****

	
	(0.01)
	(0.01)

	avtgddmgp5yL1
	0.000
	-0.001

	
	(0.00)
	(0.00)

	avthddmgp5yL1
	-0.013
	-0.023

	
	(0.01)
	(0.02)

	ravrainmgp5yL1b
	
	0.317****

	
	
	(0.09)

	sdrainmgp5yL1b
	
	-0.037***

	
	
	(0.01)

	avtgddmgp5yL1b
	
	0.000

	
	
	(0.00)

	avthddmgp5yL1b
	
	0.024

	
	
	(0.02)

	constant
	
	-0.384****

	
	
	(0.08)

	sigma_u
	
	0.116****

	
	
	(0.01)

	sigma_e
	
	0.231****

	
	
	(0.01)

	Number of observations
	4631
	4631

	Number of left-censored observations
	
	3860

	Number of right-censored observations
	
	0

	Wald
	
	205.91

	p
	
	0.00

	BIC
	.
	2541.09


Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01, **** p < 0.001
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	(1)
	(2)

	
	FE Tobit
	CRE Tobit

	ravrainmgyL1
	0.179
	-2.036**

	
	(0.78)
	(0.84)

	sdrainmgp5yL1
	3.242***
	4.061****

	
	(1.09)
	(0.49)

	tgddmgyL1
	-0.084*
	-0.140****

	
	(0.05)
	(0.03)

	thddmgyL1
	1.404**
	2.110****

	
	(0.55)
	(0.39)

	ravrainmgyL1b
	
	-3.984

	
	
	(17)

	sdrainmgp5yL1b
	
	-1.106

	
	
	(0.91)

	tgddmgyL1b
	
	0.181****

	
	
	(0.03)

	thddmgyL1b
	
	-2.958****

	
	
	(0.50)

	constant
	
	-16.231****

	
	
	(2.61)

	sigma_u
	
	7.026****

	
	
	(0.63)

	sigma_e
	
	16.813****

	
	
	(0.41)

	Number of observations
	4631
	4631

	Number of left-censored observations
	
	3177

	Number of right-censored observations
	
	0

	Wald
	
	161.31

	p
	
	0.00

	BIC
	.
	15565.10


Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01, **** p < 0.001
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	(1)
	(2)

	
	FE Logit
	LPM

	ravrainmgyL1
	0.568****
	0.009

	
	(0.11)
	(0.02)

	sdrainmgp5yL1
	-0.968****
	-0.015*

	
	(0.12)
	(0.01)

	tgddmgyL1
	-0.069****
	0.001****

	
	(0.01)
	(0.00)

	thddmgyL1
	0.354****
	0.019****

	
	(0.06)
	(0.00)

	year=2004
	-0.220
	0.015

	
	(0.15)
	(0.02)

	year=2009
	1.649****
	0.026

	
	(0.18)
	(0.02)

	constant
	
	0.057**

	
	
	(0.03)

	Number of observations
	2084
	4633

	Wald
	344.83
	205.53

	BIC
	1221.39
	.


Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01, **** p < 0.001
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	(1)
	(2)

	
	FE Tobit
	CRE Tobit

	ravrainmgyL1
	25.435
	41.257

	
	(56.93)
	(26.52)

	sdrainmgp5yL1
	-5.112
	1.574

	
	(21.30)
	(12.00)

	tgddmgyL1
	-0.933
	-2.647***

	
	(1.20)
	(0.94)

	thddmgyL1
	21.827
	22.205*

	
	(21.96)
	(12.39)

	ravrainmgyL1b
	
	411.454****

	
	
	(85.13)

	sdrainmgp5yL1b
	
	-141.044****

	
	
	(23.43)

	tgddmgyL1b
	
	1.204

	
	
	(0.92)

	thddmgyL1b
	
	3.175

	
	
	(15.09)

	constant
	
	-426.149****

	
	
	(68.72)

	sigma_u
	
	110.254****

	
	
	(18.45)

	sigma_e
	
	183.336****

	
	
	(13.95)

	Number of observations
	4183
	4183

	Number of left-censored observations
	
	4018

	Number of right-censored observations
	
	0

	Wald
	
	56.90

	p
	
	0.00

	BIC
	.
	3142.13
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	(1)
	(2)

	
	FE Tobit
	CRE Tobit

	ravrainmgyL1
	0.942
	-1.326

	
	(9.64)
	(5.46)

	sdrainmgp5yL1
	8.608
	9.437***

	
	(5.92)
	(2.98)

	tgddmgyL1
	0.309
	0.493**

	
	(0.34)
	(0.20)

	thddmgyL1
	-2.765
	-1.682

	
	(5.17)
	(2.51)

	ravrainmgyL1b
	
	43.395**

	
	
	(20.30)

	sdrainmgp5yL1b
	
	-24.305****

	
	
	(5.41)

	tgddmgyL1b
	
	-0.684***

	
	
	(0.21)

	thddmgyL1b
	
	3.886

	
	
	(15)

	constant
	
	-74.763****

	
	
	(15.58)

	sigma_u
	
	26.580****

	
	
	(5.04)

	sigma_e
	
	85.854****

	
	
	(2.89)

	Number of observations
	4183
	4183

	Number of left-censored observations
	
	3445

	Number of right-censored observations
	
	0

	Wald
	
	56.90

	p
	
	43.42

	BIC
	.
	11013.01
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	(1)
	(2)
	(3)
	(4)
	(5)

	
	Migration
	Off-farm
	Public transfers
	Remittances
	ISSN transfers

	fhhsize
	0.003****
	
	
	
	

	
	(0.00)
	
	
	
	

	ravrainmgp5yL1
	-0.050****
	
	
	
	

	
	(0.01)
	
	
	
	

	sdrainmgp5yL1
	0.011****
	1.187****
	-0.015*
	0.058
	1.546***

	
	(0.00)
	(0.14)
	(0.01)
	(0.44)
	(0.49)

	avtgddmgp5yL1
	-0.000
	
	
	
	

	
	(0.00)
	
	
	
	

	avthddmgp5yL1
	-0.004
	
	
	
	

	
	(0.00)
	
	
	
	

	ravrainmgp5yL1b
	0.053****
	
	
	
	

	
	(0.02)
	
	
	
	

	sdrainmgp5yL1b
	-0.006***
	-0.323
	
	-5.172****
	-3.981****

	
	(0.00)
	(0.27)
	
	(0.96)
	(0.89)

	avtgddmgp5yL1b
	0.000
	
	
	
	

	
	(0.00)
	
	
	
	

	avthddmgp5yL1b
	0.004
	
	
	
	

	
	(0.00)
	
	
	
	

	ravrainmgyL1
	
	-0.595**
	0.009
	1.513
	-0.217

	
	
	(0.24)
	(0.02)
	(0.98)
	(0.89)

	tgddmgyL1
	
	-0.041****
	0.001****
	-0.097***
	0.081**

	
	
	(0.01)
	(0.00)
	(0.04)
	(0.03)

	thddmgyL1
	
	0.617****
	0.019****
	0.814*
	-0.275

	
	
	(0.12)
	(0.00)
	(0.46)
	(0.41)

	ravrainmgyL1b
	
	-1.165
	
	15.089****
	7.107**

	
	
	(0.93)
	
	(37)
	(33)

	tgddmgyL1b
	
	0.053****
	
	0.044
	-0.112***

	
	
	(0.01)
	
	(0.03)
	(0.03)

	thddmgyL1b
	
	-0.865****
	
	0.116
	0.636

	
	
	(0.15)
	
	(0.55)
	(0.52)

	Number of observations
	4631
	4631
	4633
	4183
	4183


Standard errors in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01, **** p < 0.001


[bookmark: _Toc445206121]Appendix A Calculation of GDD & EHDD

Diurnal temperature is approximated using a sine curve parameterized with the maximum and minimum daily temperatures:

	 










where  is time in radians from  to ,  is daily maximum temperature, and  is daily minimum temperature (Snyder 1985; Arnold 1960; Baskerville and Emin 1969). Define  and  as the upper and lower temperature thresholds suitable for crop growth, respectively.[footnoteRef:11] Daily growing degree day accumulations can be calculated by integrating the area under the sine curve, under , and above , and daily extreme heat degree day accumulations can be calculated by integrating the area under the sine curve above . Depending on the relationship between daily maximum and minimum temperatures and the upper and lower thresholds, there exist six possible cases for the calculations of GDD and EHDD, as shown below. [11:  The optimal temperature ranges (in degree Celsius) for major staple crops in Ethiopia are: maize (18-33), teff (22-28), wheat (15-23), barley (15-20), and sorghum (27-35) (Source: FAO Ecopcrop database, http://ecocrop.fao.org). Therefore, we set in our data.] 
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[image: ]


Case 1:  


[bookmark: _Toc445206135]Figure 2 Calculating GDD and EHDD – case 1
 [image: D:\Dropbox\Stata\ERHS\prog\panel\gdd2.png]


Case 2:  



[bookmark: _Toc445206136]Figure 3 Calculating GDD and EHDD – case 2

 [image: D:\Dropbox\Stata\ERHS\prog\panel\gdd3.png]


Case 3:  



[bookmark: _Toc445206137]Figure 4 Calculating GDD and EHDD – case 3
 [image: D:\Dropbox\Stata\ERHS\prog\panel\gdd4.png]


Case 4:  


[bookmark: _Toc445206138]Figure 5 Calculating GDD and EHDD – case 4
 [image: D:\Dropbox\Stata\ERHS\prog\panel\gdd5.png]


Case 5:  



[bookmark: _Toc445206139]Figure 6 Calculating GDD and EHDD – case 5
 [image: D:\Dropbox\Stata\ERHS\prog\panel\gdd6.png]



Case 6:  
[bookmark: _Toc445206140]Figure 7 Calculating GDD and EHDD – case 6
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