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Abstract	

The adoption of climate-adaptive agricultural practices (CAAPs) among resource-poor 
smallholder households is typically hindered by liquidity and risk constraints. Using an inverse 
probability weighted estimator that uses three waves of nationally representative panel survey 
data from Ethiopia, Malawi and the United Republic of Tanzania, this article examines whether 
food transfers help overcome barriers to the adoption of selected CAAPs. The results show 
that in each country analysed, receiving food transfers increase the probability of adopting at 
least one CAAP. Subsequently, the article examines the heterogeneity of these impacts using 
a generalized propensity score approach to estimate: (a) the average impact of an additional 
USD in transfer value on the CAAPs probability of adoption; and (b) the impacts of food aid 
across different levels of the transfer value. These approaches illuminate the extent to which 
CAAP adoption is constrained by issues of liquidity versus risk, and the role of food aid in 
addressing these. Finally, the impact of food aid on the adoption of CAAPs is explored across 
the distribution of low-rainfall risk episodes. The results show that the expected marginal utility 
of adopting specific CAAPs increases in high-risk areas in many cases. However, the results 
are highly heterogenous across countries, and in some cases, food aid is not sufficient to 
induce changes in the adoption of labour- and capital-intensive practices in high-risk areas. 
The results suggest that bundling food aid, or other social protection instruments, with the 
development and promotion of context-specific practices help to reduce key bottlenecks to the 
adoption of CAAPs, even in areas where weather risks are high. 

 

Keywords: agriculture; adaptive; adoption; social protection, climate vulnerability. 
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1 Introduction		

The high concentration of resource-poor farmers reliant on rain-fed agriculture in sub-Saharan 
Africa (SSA) makes the region particularly vulnerable to the adverse effects of climate change 
(IPCC, 2014; Niang et al., 2014). It is estimated that for major crops grown in SSA, rising 
temperatures and changes in precipitation will result in significant yield reductions (Schlenker 
and Lobell, 2010; Challinor et al., 2014). This will further strain a region already struggling with 
the world’s highest rates of food insecurity and lowest average crop yields (Lloyd et al., 2011).  

In response to the challenges posed by climate change, a significant global effort has been 
directed toward identifying management practices, technologies, and farming systems that 
improve the adaptive capacity of farms to weather-related risks (Lipper et al., 2014; Juana et 
al., 2013). At the same time, governments throughout SSA are advancing ambitious plans and 
policy frameworks – including Nationally Determined Contribution Documents, National 
Adaptation Programmes for Action, and National Agricultural Policies and Investment Plans – 
which outline the specific actions governments will take to support the adoption of these 
practices by smallholders. Despite these efforts, adoption rates of many climate-adaptive 
agricultural practices (CAAPs) in SSA remain worrisomely low (Arslan et al., 2014; Zilberman 
et al. 2012). Moreover, farmers often “dis-adopt” these practices once project support is 
withdrawn (Grabowski et al., 2016; Andersson and D’Souza, 2014; Moser and Barrett, 2006).  

The low rate of adoption of CAAPs is typically explained by the interaction between household-
level socio-economic factors and the biophysical attributes of the practices themselves (Corbeels 
et al., 2014; Giller et al., 2009). Adopting any new agricultural practice or technology entails costs 
and a reallocation of production factors, including the cost of learning new farming techniques 
and capital costs of new equipment, animal breeds, or technologies, and the reallocation of 
farmland and labour (Branca et al., 2011). Given the time and liquidity constraints faced by many 
smallholders in SSA, these costs act as a barrier to adoption by farmers. Moreover, many of the 
practices promoted as “climate-adaptive” also entail significant short-term risks to yields and 
incomes (Baudron et al., 2012; Pittelkow et al., 2015; Rusinamhodzi et al., 2011; Corbeel et al., 
2014). While yields typically surpass those of conventional agricultural practices after a few 
years, the transition away from conventional practices poses a significant risk to farmers (Holden 
et al., 2006; Branca et al., 2011). These risks are particularly acute for subsistence smallholders, 
who usually have extremely high intertemporal discount rates, leading to considerable risk 
aversion and myopic investment behaviour.  

This article is motivated by a desire to identify policy options to address constraints to the 
adoption of CAAPs in SSA. Using three waves of observational panel survey data collected 
from farm households in Ethiopia, Malawi and the United Republic of Tanzania, we examine 
the impact of receiving non-contributory food aid transfers on the adoption of four CAAPs: soil 
conservation structures (SWC), legume/cereal intercropping (LI), organic fertilizer application 
(OF), and investment in livestock accumulation (LIVE). The four practices considered in this 
analysis represent four out of six categories of the taxonomy developed by Amadu et al. 
(2020a) to identify climate-adaptive strategies. Furthermore, they are relatively widely and 
homogenously implemented across the three countries considered. There are undoubtedly 
other practices that can be reconducted within the CAAPs definition but are not as comparable 
within and between countries as the selected ones. (for example, a broader definition of crop 
diversification which covers other types of crops) 
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Two considerations drive our focus on food aid. First, growing evidence shows that social 
protection instruments provided to smallholder households act as more than a social safety 
net and often trigger changes in farm-level investments and risk-taking behaviours (Prifti et al., 
2020; Daidone et al., 2019). In the three countries considered in this article, food transfers are 
the most widespread form of social protection received by farmers. Assessing their impacts on 
farmers’ behaviours is essential for informing policy debates.  

Second, there is a solid conceptual linkage between food transfers and a reduction in the 
constraints that prevent resource-poor farmers from adopting CAAPs (Hoddinott, 2008; Holden 
and Bingwanger, 1998; Holden et al., 2006; Prifti et al., 2019; Prifti et al., 2020). This 
conceptual relationship operates through two potential channels: 1) reducing liquidity 
constraints for smallholders by offsetting the need to purchase food when production is 
insufficient or by re-selling food aid in private markets (Jayne et al., 2010; Hoddinott, 2008); 
and 2) by insuring against downside risks, particularly food insecurity risk, associated with 
changes in agricultural practices (Holden et al., 2006). By providing predictable access to food, 
food transfers can enable a shift in farmers’ investment horizons from a short-term myopic 
focus on meeting immediate consumption needs to longer-term investments that improve 
productivity and resilience (Holden et al., 2006; Holden and Shiferaw, 2002).  

Against this background, our first research question is: does receiving food transfers affect the 
adoption of CAAPs? However, we hypothesize that the impacts of food transfers on the 
adoption of CAAPs will be heterogeneous and depend on the attributes of practice and the 
principal constraint limiting its adoption (liquidity versus risk). To further tease out this 
heterogeneity, we ask two additional questions: 1) does the impact of food transfer on the 
adoption of CAAPs vary at different levels of the transfer? and 2) does it vary across different 
degrees of a specific weather-related risk, namely low-rainfall risk? Disentangling these 
heterogeneous impacts provides concrete policy insights related to effective targeting criteria 
and transfer sizes required to trigger investments in CAAPs by farmers.  

The analysis estimates the causal treatment effects of receiving food aid transfers on the 
adoption of CAAPs, utilizing an inverse weighted probability model and a doubly robust 
estimation procedure to relax the typical endogeneity concerns related to the adoption of 
agricultural practices (Hirano et al., 2003; Bang and Robins, 2005). The heterogeneous 
impacts are explored through a) an inverse weighted regression to examine the average 
impact of an additional USD of food transfer on the adoption of the CAAPs; b) country and 
practice specific dose-response functions to examine the impact across different levels of 
treatment exposure; and c) adding an interaction term to the baseline specification to assess 
the impact across the quantile distribution of low rainfall risk exposure.  

The results show that receiving food aid is positively associated with the adoption of CAAPs in 
all the countries analysed. Important sources of heterogeneity emerge between countries, 
across transfer sizes, and under different levels of weather risk. For example, as the size of 
the food transfer increases, there is a positive, albeit non-linear, relationship with livestock 
accumulation in all countries. This suggests that for capital-intensive CAAPs, liquidity is a key 
constraint as it is the case of livestock accumulation. In all but one case, we find that the 
impacts of food transfers on the adoption of CAAPs are concentrated among farmers in the 
lower end of the low rainfall risk exposure distribution. This suggests that the insurance effect 
provided through food transfers is insufficient to induce agricultural investments in extremely 
risk-prone areas.  
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The article is structured as follows. Section 2 reviews the key socio-economic and biophysical 
constraints to the successful adoption of the CAAPs selected for this study; Section 3 presents 
the conceptual model motivating the analysis and interpretation of results. This is followed by 
Section 4, which describes data sources and presents selected descriptive statistics on the 
key variables used for this study. Section 5 describes the methodological approach and the 
empirical strategy followed for the analysis. Section 6 presents and interprets the analysis 
results and is followed by the concluding remarks summarized in Section 7.  

  



 

 4 

2 Understanding	climate-adaptive	agricultural	practices	(CAAPs)		

CAAPs vary in terms of the resources required to implement them, including land, labour, and 
capital, and the potential risks that the adoption may pose to household income, food security, 
and farm productivity (Amadu et al., 2020a; Kpadonou et al., 2017; Lipper et al., 2014). To 
improve conceptual clarity around the heterogeneous constraints to adopting CAAPs, Amadu 
et al. (2020a) propose a taxonomy of six categories of practices, which vary in their levels of 
resource intensity: (1) residue addition, (2) non-woody plant cultivation, (3) assisted 
regeneration, (4) woody plant cultivation, (5) physical infrastructure, and (6) mixed measures. 
The four practices considered in this analysis are representative of four of these six categories: 
legume intercropping (non-woody plant cultivation), organic fertilization (residue addition), soil 
and water conservation structures (physical infrastructure), and livestock accumulation (mixed 
measures). They are relatively widely adopted within each of the countries considered and 
homogenously adopted across them so that the empirical results will be quite comparable. 
Moreover, the diversity of practices included in our analysis allows us to explore the potential 
heterogeneity of the impact of food aid on the adoption of CAAPs. In the subsections below, 
we review the evidence on these practices to better understand the key socio-economic and 
biophysical constraints to their successful adoption.  

2.1 Legume	intercropping		
Cereal-legume intercropping is a strategy aimed at improving climate resilience along several 
dimensions. The first is through its impacts on soil nutrient availability. The integration of 
legumes into cereal crop systems through intercropping generates complementary benefits in 
terms of differential nutrient uptake between crops, and overall soil nutrient supply, particularly 
through the fixation of atmospheric nitrogen (Rusinamhodzi et al., 2012). Moreover, legume 
intercropping enables farmers with land constraints to diversify their production, which helps 
to reduce farmers' exposure to both weather and market-related risks (Raseduzzaman and 
Jensen, 2017; Rusinamhodzi et al., 2012). A key risk associated with legume intercropping is 
that, in some cases, the practice can adversely affect total cereal yields and the stability of 
yields in the short-term (Thierfelder et al., 2015; Waddington et al., 2007). Over time this risk 
reduces as soil quality improves and farmers gain experience managing the practice. The 
variability and uncertainty associated with legume intercropping in the early stages of adoption 
act as a barrier to adoption (Ngwira et al., 2012). However, despite these risks, legume 
intercropping is considered a fairly low cost and low-risk adaptation practice for smallholders 
and, therefore, may be adopted autonomously by farmers without programmatic support 
(Amadu et al., 2020a).  

2.2 Soil	and	water	conservation		
Ethiopia, Malawi and the United Republic of Tanzania contain hilly and mountainous regions, 
where soil erosions and soil degradation are significant concerns. For this reason, the three 
countries prioritize the building of farm and community-level infrastructure to conserve soil and 
water and limit run-off and erosion. Building soil and water conservation structures is considered 
one of the most effective and affordable techniques for resource-poor smallholders to prevent 
and reverse soil degradation, which is critical for improving productivity and reducing sensitivity 
to weather risks (Nakhumwa and Hassan, 2003). Common soil and water conservation 
structures promoted in the three countries include physical or biological bunds, tied and marker 
ridging systems, terracing, and contour ploughing. Agronomic evidence on these practices 
suggests benefits in terms of productivity, particularly under low moisture conditions (Hulugalle 
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and Rodriguez, 1988; Lal, 1995). However, as shown by Posthumus and De Graaff (2005), while 
soil and water conservation structures can increase yields, the overall benefits in household 
production may be negligible due to the land area lost when constructing the structures (roughly 
20 percent). Reductions in available cultivatable land due to investments in soil conservation are 
an important adoption constraint for small farms. The construction of soil and water conservation 
structures is also highly labour intensive (Amadu et al., 2020a). Given the resource requirements 
of soil and water conservation structures adoption and risks of lost production, we anticipate that 
adoption barriers of this practice are relatively high, and the impact of food aid on the probability 
of adopting these practices is expected to be positive. 

2.3 Organic	fertilizers		
In this study, the term organic fertilizer refers specifically to composted crop residues and 
animal manure and does not include crop residues retained on the field.1 Organic fertilizers 
support more productive and resilient crop production by increasing soil carbon content, total 
soil nitrogen and phosphorous, and improving water retention under low rainfall conditions 
(Ngwira et al., 2014). However, under high rainfall conditions, mulching and other forms of 
organic soil amendments can lead to crop water logging and yield loss (ibid). A key constraint 
of organic fertilizers in smallholder systems is the limited quality and quantity of compostable 
materials available to farmers (Vanlauwe and Giller, 2006). For instance, Mustafa-Msukwa et 
al. (2011) find that the average smallholder can only produce enough organic fertilizer to cover 
17 percent of their total cultivated area in Malawi. Moreover, in smallholder systems where 
staple cereals are the primary output, the quantities of green legume feed stock ingredients 
available to produce compost is insufficient to achieve the appropriate carbon-nitrogen ratios 
needed to facilitate nutrient uptake by plants. Furthermore, the collection of organic materials, 
the management of composting systems, and the spreading of organic fertilizers are all labour 
intensive, which may constrain adoption in some contexts. However, the overall resource 
requirements for adoption and risks associated with adoption are relatively low (Amadu et al., 
2020a). Adoption may, therefore, occur in the absence of external interventions or support. 

2.4 Livestock	accumulation		
Livestock ownership in smallholder farming systems provides a range of potential climate 
adaptation benefits. For instance, livestock can use multiple feed sources thus when weather 
stresses adversely affect crop yields, crop stover and natural vegetation may still be sufficient 
to maintain livestock productivity levels (Lipper et al., 2014). In this way, livelihood 
diversification through livestock accumulation can help to reduce climate-related production 
and consumption risks (Seo, 2010). Furthermore, livestock can be liquidated or consumed to 
smoothen income or consumption when adverse weather (or other hazards) negatively affects 
crop production and household income (Fafchamps et al., 1998; Rufino et al., 2013). Risks to 
household welfare related to livestock accumulation are relatively low. However, the practice 
requires substantial resources, both in terms of financial resources, to acquire and maintain 
livestock and land and labour resources for successful management. Thus, resource 
constraints are particularly binding for this practice. If food aid effectively reduces these 
constraints, we expect it to be associated with an increase in the number of animals owned.  

 
1 We have excluded residues left in the field because the survey does not allow us to determine if these 
residues were subsequently burned, grazed, or incorporated back into the field. These details are critical 
for determining if residue retention was adopted to improve soil nutrient balances and quality.  
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3 Conceptual	framework:	Linking	food	aid	to	the	adoption	of	
climate-adaptive	agricultural	practices	in	smallholder	systems	

Food aid transfers to poor rural households can affect agricultural investment and production 
choices through two channels. Directly, food transfers can reduce liquidity constraints that act 
as barriers to agricultural investments (Hoddinott, 2008; Holden and Bingwanger, 1998, Prifti 
et al., 2019). Indirectly, food transfers act as insurance against food insecurity, and thereby 
may alter farmers’ risk preference, and their willingness to invest in new and uncertain 
agricultural practices (Karlan et al., 2014). How food transfers to farm households influence 
agricultural investment choices is linked to the non-separability of production choices from 
consumption in the context of widespread market imperfections (Holden and Bingwanger, 
1998; Diadone et al., 2019).  

When markets for labour, food, or credit are unconstrained, farm households are assumed first 
to maximize their returns from agricultural production and then use the proceeds from this 
production to maximize their consumption utility (Singh et al., 1986). Under these conditions, 
an influx of food through food aid would influence consumption outcomes but would not affect 
farm investment and production choices. However, in rural Africa, market imperfections and 
market failures are widespread. When market imperfections for labour, insurance, food, and 
credit exist, farmers’ production choices are inseparable from their consumption decisions, 
therefore, farmers prioritize labour allocations and production choices that reduce consumption 
risks rather than maximize returns to production (Singh et al., 1986). In SSA, where food 
markets are characterized by significant covariant risk associated with adverse weather, high 
transactions costs, and considerable seasonal price fluctuations, resource-constrained 
farmers often prioritize short-term food self-sufficiency over longer-term investment to improve 
productivity and resilience of their farms (Key et al., 2000).  

Under conditions of non-separability, an infusion of food can alter household production 
choices (Hoddinott et al., 2018). This effect is expected to be non-linear, and most significant 
around the subsistence threshold where liquidity constraints and food insecurity risks are 
highest (Waddington et al., 2007; Thierfelder et al., 2015; Baudron et al., 2012; Pittelkow et 
al., 2015; Rusinamhodzi et al., 2011; Corbeel et al., 2014). In Kenya, for example, food for 
work initiatives targeting food-insecure households is found to reduce household liquidity 
constraints, leading to increased purchases of seeds and inorganic fertilizers, reduced 
livestock sales, and overall improvements in medium and long-term farm productivity (Bezuneh 
et al., 1988; Barrett et al., 2001). The provision of food through food aid transfers may serve 
to reduce liquidity constraints in households, either through the sale of food aid for cash or by 
off-setting household food expenditures. We posit that if liquidity constraints act as significant 
barriers to the adoption of a CAAP, then the impact of food transfers on agricultural investment 
outcomes will vary relative to the overall value of the transfer (Hoddinott et al., 2018; Diadone 
et al., 2019). Large transfers may trigger significant behavioural shifts in agricultural investment 
choices, while smaller ones may not significantly influence outcomes. Moreover, this impact 
will be more pronounced for capital-intensive investments, such as livestock purchases, than 
for labour-intensive practices, such as building soil conservation structures.  

On the other hand, food transfers may also alter farmers’ attitudes toward risk. Resource-poor 
farmers are often highly risk-averse, and this risk-adversity strongly influences their production 
choices (Feder, 1982). By reducing the downside risk exposure associated with changes in 
agricultural practices, food transfers may alter farmers’ intertemporal discount rates, thereby 
limiting myopic behaviours and encouraging long-term investments, such as investments in 
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CAAPs, relative to current consumption (Pope and Just, 1991; Hennessy, 1998; Holden et al., 
2006; Holden and Shiferaw, 2002). The risk of adopting CAAPs and the impact of food 
transfers on the adoption of CAAPs will likely interact with other contextual risk factors to which 
famers are exposed. Farmers who may be subject to future liquidity constraints are more risk-
averse and less willing to bear present risks (Gollier, 2000; Guiso and Paiella, 2008). 
Furthermore, the presence of background risks (risks that cannot be avoided or insured 
against) may make farmers more averse toward avoidable risks (Pratt and Zeckhauser, 1987; 
Kimball, 1993; Eekhoudt et al., 1996). Given that, farmers residing in areas with relatively 
higher probabilities of excessive or insufficient rainfall or high variability in rainfall are often less 
willing to dedicate capital and labour to agricultural activities (Wood et al., 2014; Bellon et al., 
2020). Even when household food insecurity risk is reduced through food transfers, the risks 
associated with any agricultural investment in these high-risk areas may exceed farmers' risk 
tolerance threshold. In particular, weather shocks, natural disasters, and disruptive climate 
episodes could lead to a long-lasting increase of farmers’ risk aversion (Cassar et al., 2017), 
affecting the attitude toward other risky investments (Cameron and Shah, 2015). On the other 
hand, the benefits from the adoption of CAAPs are expected to be higher in the aftermath of 
an extreme weather episode, which will increase the expected returns to investing in CAAPs 
in areas that are more exposed to these events (Maggio and Sitko, 2019). Determining which 
of these countervailing effects will prevail a priori is not possible. The results are likely to 
depend on the complex interactions between the specific attributes of the CAAPs and the type 
of climate risks farmers are exposed to. Moreover, this interaction is likely to be mediated by 
contextual factors, including prevailing agro-ecological conditions, institutional factors, and the 
relative factor intensities of the practices (Hoddinott, 2006).  
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4 Data	sources	and	descriptive	statistics	

The analysis is built on a three-country dataset from Ethiopia, Malawi and the United Republic 
of Tanzania. Only recently, three waves of household-level panel data (the table below 
summarizes survey names and years) have been available for each of these countries. These 
panel surveys belong to the LSMS-ISA collection of the World Bank (Living Standard 
Measurement - Integrated Surveys of Agriculture). LSMS-ISA survey data are multi-topic, 
focusing on agriculture and other income-generating activities. Household panel data for 
Ethiopia have been gathered from the three waves of the Ethiopian Rural Socio-economic 
Survey (ERSS), which is a collaborative project between the Central Statistics Agency of 
Ethiopia (CSA) and the World Bank, which collected the information in 2011‒2012, 2013‒2014 
and 2015‒2016. The ERSS covered all regional states except the capital, Addis Ababa. It 
primarily collected information on rural areas. It was implemented in 290 rural and 43 small 
town enumeration areas (EAs). A total of 3 639 households over the three survey rounds 
(10 917 observations) are included in the analysis.  

Data for Malawi comes from the panel component of the Malawi Integrated Household 
Surveys, which have been conducted by the Central Statistics Authorities of Malawi in 
collaboration with the World Bank in 2010‒2011, 2012‒2013 and 2015‒2016. The survey is 
representative at the national, urban/rural and regional levels. The panel tracks individual 
household members, including individuals that form new households. In total, 2 508 
households comprise the three-wave panel (7 524 observations).  

Household panel data for the United Republic of Tanzania are from the Tanzanian National 
Panel Survey (TNPS), conducted in 2008‒2009, 2010‒2011, 2012‒2013.2 The survey is 
representative at the national, urban/rural and regional levels. The panel can trackback 3 088 
households over the three waves considered (9 264 observations).  

Table 1. Description of data sources 

Country Wave 1 Wave 2 Wave 3 Survey name 
Ethiopia 2011/12 2013/14 2015/16 (Rural) Socioeconomic Survey 

Malawi 2010/11 2013 2016/17 Integrated Household Panel 
Survey (IHS3, IHPS, IHS4) 

United Republic of Tanzania 2008/09 2010/11 2011/12 National Panel Survey 

Source: Authors’ own elaboration. 

The structural similarities of the three datasets allow us to build comparable variables and 
indicators across countries and waves and pool all the available data in a multi-country sample 
of 27 705 observations, which includes information on community, household agricultural 
activities, and other information on household socio-demographic characteristics. Taking 
advantage of the geo-referenced location of the households, the sample has been further 
enriched with long-term historical information on precipitation and temperature information. In 
particular, rainfall data for each decade (10 days) interval has been extracted from the Climate 
Hazards Group InfraRed Precipitation with Station data (CHIRPS) of the Climate Hazard 
Center of UC Santa Barbara over the period 1989‒2016. CHIRPS data are based on the latest 

 
2 The most recent waves in Ethiopia (2018-2019) and the United Republic of Tanzania (2014–2015), 
are not linkable to the previous ones as they constitute the baseline for a refreshed panel. 
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estimation techniques on a daily basis and have a spatial resolution of 0.1 degrees (∼ 5 km). 
Information on temperature has been extracted, merging data from two databases from the 
European Center for Medium-Range Weather Forecasts (ECMWF)3 containing decadal 
observations on average, maximum and minimum temperature at a resolution of 0.25°  
(∼ 27km) over the period 1989‒2016. These data have been further combined in order to 
calculate a Standard Precipitation and Evapotranspiration Index (SPEI) at the same spatial 
resolution of the original data for a period of 25 years. Taking advantage of the distributive 
characteristics of the SPEI index, anomalous (SPEI<-1), extreme (SPEI<-1.5), and exceptional 
(SPEI<-2) dry episodes have been identified across time and location. Using this information, 
we calculate a precipitation risk exposure index for low precipitation events for the geographic 
locations of all households included in the analysis. In particular, the long-term precipitation 
risk exposure has been identified as the ratio between the number of anomalous, extreme and 
exceptional dry precipitation episodes from 2000 up to the agricultural season considered, 
over the total number of agricultural seasons.  

4.1 Selected	descriptive	statistics	
Our analysis focuses on a wide range of non-contributory food aid programmes implemented by 
public entities and non-governmental organizations, such as churches and relief agencies, in the 
three countries. We, therefore, do not consider a specific food aid programme, but rather a 
bundle of programmes. The main rationale for this approach is that our national-level survey data 
does not capture a single large-scale programme in each country. As a result, this article does 
not estimate the impact of a single intervention, but the average impact of having received non-
contributory free food through any programme. While we recognize this as a significant limitation, 
we believe that the empirical advantages provided by a large, multi-country dataset outweigh the 
weaknesses of not studying a specific programme. With this caveat in mind, Table 2 shows that 
the share of households receiving food aid in all three countries generally increased over time, 
reaching as high as 10.3 percent of farm households sampled in Ethiopia, 13.4 percent in Malawi 
and 7.3 percent in the United Republic of Tanzania.4 

Table 2. Weighted statistics on food aid recipients by country and survey wave 

Country Statistics Wave 1 Wave 2 Wave 3 
Ethiopia Number of beneficiaries 543 976 632 876 1 625 499 

% of beneficiaries 4.67 5.58 10.34 
Malawi Number of beneficiaries 111 779 303 903 393 771 

% of beneficiaries 3.79 10.21 13.37 
United Republic 
of Tanzania 

Number of beneficiaries 201 085 404 975 477 265 
% of beneficiaries 2.92 5.53 7.28 

Note: The descriptive statistics are based on food aid recipients only. 
Source: Authors’ own elaboration. 

  

 
3 The period 1989–2012 is covered by ECMWF’s operational database while the information on temperature for the 
period ECMWF’s 2013–2015 is from the interim database. The main difference across the dataset is the underlying 
model to interpolate spatially the information collected at the weather stations level. 
4 The complete descriptive figures for all the variables used for this analysis are reported in the Annex 1. 
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Table 3 provides descriptive details on differences in the absolute and relative size of the food 
aid transfers considered in this analysis, by country. Food transfers in Ethiopia and Malawi are 
considerably larger, on average, than those in the United Republic of Tanzania. In Ethiopia, 
the average absolute value of food transfers per household has declined over time from about 
USD 50 to approximately USD 38 (corresponding to 8‒11 percent of the total food 
consumption expenditure during the first two waves and about 7 percent during the last wave). 
Conversely, in Malawi, the transfer size has increased substantially in absolute terms from 
USD 32 to USD 50 (raising from less than 2 percent of the total food consumption expenditure 
during the first wave to about 3.5 percent during the second one)5 likely due to the combination 
of climate and macroeconomic shocks experienced in the country between 2010 and 2016. In 
the United Republic of Tanzania, the value of food transfers has increased over time, but it 
remains relatively smaller at USD 12.5 during the last wave (always corresponding to about 
1 percent of the total food consumption expenditure). 

Table 3. Food aid descriptive statistics transfers by country and survey wave 

Country Statistics Wave 1 Wave 2 Wave 3 
Ethiopia Mean (USD 2010) 49.86 51.53 37.70 

Median (USD 2010) 20.46 23.29 19.33 
Malawi Mean (USD 2010) 31.95 43.21 50.00 

Median (USD 2010) 18.85 32.33 33.11 
United Republic  
of Tanzania 

Mean (USD 2010) 10.41 10.39 12.32 
Median (USD 2010) 4.12 3.52 7.42 

Note: The descriptive statistics are based on food aid recipients only. 
Source: Authors’ own elaboration. 

Tables 4, 5 and 6 provide descriptive data on food transfer beneficiaries and non-beneficiaries 
for each country over three-panel waves considering the full sample. T-tests are conducted for 
each variable in each year to identify statistical differences between means. 

In Ethiopia (Table 4), the share of households adopting the farm practices under consideration 
within the treated and the control groups are statistically different only for organic fertilizer, 
which is higher for non-beneficiaries across the three waves. In the first wave of the survey in 
Ethiopia, food aid beneficiaries were on average significantly more likely to be less numerous 
(in terms of equivalent adults) be female-headed and less educated, holding fewer assets and 
smaller extent for agricultural activities. During the second survey wave the food aid 
beneficiaries are also significantly less likely to be involved in off-farm activities while during 
the third wave they tend to have older household heads and are less likely to receive credit. 
Moreover, food aid beneficiaries reside in remote areas (more distant from the weekly markets 
or main roads) and are significantly more exposed to extreme dry conditions. These differences 
suggest that food aid in the country is targeted at poor and vulnerable households. 
Furthermore, when a climate-related shock occurs, as the drought that affected about 
10 million people in the country's central district in 2015, the food aid is also distributed to 
remote areas that have been more exposed to such an extreme event. 

 
5 The third wave of the Malawi IHS does not include an updated conversion factor for these, making it 
impossible to compute the actual share of food transfers to total food expenditures in that wave.  
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In Malawi (Table 5), average adoption rates of the three crop-based CAAPs under 
consideration are higher for food aid beneficiaries, while non-beneficiaries own on average 
more livestock units. However, it is worth highlighting that these differences were statistically 
significant only in 2013. In terms of household characteristics, food aid recipients are generally 
older, less educated, and more likely to be female-headed. This is consistent with targeting 
criteria for vulnerable households, which include elderly, widowed, and female-headed 
households. Food aid recipients are also more likely to live in areas further from main roads 
and the weekly markets, during the third waves highlighting general improvements in the 
targeting criteria across the time. 

In the United Republic of Tanzania (Table 6), food aid recipients are more likely to apply soil 
and water conservation structures on their fields during the first wave considered. Moreover, 
food aid beneficiaries live further from main roads than non-recipient (statistically significant 
for the last two survey waves, only). Besides these characteristics, the targeting criteria for the 
food aid in the country are not clearly emerging from the descriptive analysis, although a few 
evidence suggests that the food aid is allocated to households that are more likely to be 
involved in agricultural and livestock activities and are less likely to be involved in any other 
off-farm activities.
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Table 4. Ethiopia: descriptive statistics on selected variables by food aid recipients 

Note: The significance levels are *** p<.01, ** p<.05, * p<.1.  
Source: Authors’ own elaboration. 

  

 2011 2013 2015 

 Food aid No food aid 
DIFF. 

Food aid No food aid 
DIFF. 

Food aid No food aid 
DIFF. 

Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE 

HH applies soil and/or water conservation 
structure 0.08 0.07 0.05 0.01 0.03 0.61 0.11 0.66 0.03 -0.05 0.72 0.05 0.69 0.03 0.03 

HH intercrops legume with any other crop  0.12 0.05 0.16 0.02 -0.04 0.17 0.07 0.17 0.02 0.00 0.05 0.02 0.08 0.01 -0.03 

HH uses organic fertilizer 0.37 0.08 0.58 0.03 -0.20*** 0.43 0.09 0.63 0.02 -0.20** 0.47 0.07 0.62 0.02 -0.15** 

Livestock in TLU 2.83 0.36 2.22 0.11 0.61* 3.12 0.69 2.56 0.12 0.56 3.07 0.41 2.25 0.13 0.82* 

The HH does non-farm activity (any) 0.27 0.05 0.27 0.02 0.00 0.18 0.05 0.30 0.02 -0.11** 0.22 0.05 0.28 0.02 -0.06 

HH size in adult equivalent 3.67 0.16 3.99 0.05 -0.33* 4.00 0.22 4.33 0.05 -0.32 4.36 0.12 4.30 0.06 0.06 

HH head is female 0.31 0.03 0.21 0.01 0.10*** 0.28 0.07 0.22 0.01 0.06 0.23 0.03 0.23 0.01 0.00 

HH head age 46.36 1.23 44.58 0.40 1.78 47.81 1.50 45.98 0.39 1.83 50.11 1.32 47.44 0.40 2.67** 

HH head level of education 1.02 0.36 1.93 0.12 -0.91** 1.63 0.55 2.09 0.12 -0.46 1.62 0.39 2.19 0.13 -0.57 

HH received credit 0.19 0.07 0.29 0.02 -0.09 0.28 0.07 0.33 0.02 -0.05 0.31 0.04 0.24 0.02 0.07* 

Ag asset wealth index, normalized 0.19 0.02 0.25 0.01 -0.05*** 0.18 0.02 0.24 0.01 -0.06** 0.21 0.01 0.23 0.01 -0.02 

Total land cultivated area (acres) 2.47 0.31 3.61 0.19 -1.14*** 2.42 0.58 3.35 0.14 -0.93 2.92 0.39 3.19 0.15 -0.27 

Distance to the nearest main road 21.60 5.67 14.41 1.05 7.19 38.25 18.54 14.17 1.07 24.08 26.37 7.53 14.04 1.15 12.33* 

Distance to the nearest weekly market 11.34 2.14 5.41 0.53 5.93*** 15.69 4.62 4.88 0.57 10.81** 9.53 2.56 7.28 0.78 2.25 
Extension Service is located within the 
community 0.89 0.05 0.92 0.02 -0.02 0.95 0.04 0.89 0.02 0.06 0.92 0.03 0.91 0.02 0.01 

Irrigation scheme within the community 0.37 0.11 0.49 0.04 -0.12 0.66 0.14 0.66 0.04 0.00 0.57 0.09 0.60 0.04 -0.03 
Probability of anomalous dry conditions 
during long rainy season 15.79 1.86 17.43 0.71 -1.64 12.39 1.71 15.48 0.65 -3.09* 14.00 0.90 14.99 0.53 -0.99 

Probability of extreme dry conditions 
during long rainy season 4.63 1.07 4.21 0.40 0.42 3.25 1.02 3.79 0.34 -0.54 4.84 0.52 3.53 0.32 1.30** 

Probability of drought during long rainy 
season 0.02 0.02 0.17 0.09 -0.14 0.08 0.08 0.14 0.07 -0.06 0.23 0.19 0.14 0.07 0.10 

N. of observations 253 3 353  207 3 432  511 3 128  
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Table 5. Malawi: descriptive statistics on selected variables by food aid recipients 

Note: The significance levels are *** p<.01, ** p<.05, * p<.1.  
Source: Authors’ own elaboration.  

 2010 2013 2016 

 Food aid No food aid 
DIFF. 

Food aid No food aid 
DIFF. 

Food aid No food aid 
DIFF. 

Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE 

HH applies soil and/or water conservation 
structure 0.39 0.07 0.37 0.02 0.02 0.55 0.05 0.37 0.03 0.17*** 0.44 0.04 0.42 0.03 0.02 

HH intercrops legume with any other crop  0.30 0.07 0.25 0.03 0.04 0.52 0.08 0.39 0.03 0.13* 0.44 0.07 0.36 0.03 0.09 

HH uses organic fertilizer 0.16 0.04 0.14 0.01 0.02 0.29 0.04 0.18 0.01 0.11** 0.32 0.05 0.26 0.02 0.06 

Livestock in TLU 0.34 0.13 0.29 0.04 0.05 0.19 0.05 0.28 0.04 -0.09 0.57 0.32 0.26 0.02 0.31 

The HH does non-farm activity (any) 0.47 0.05 0.41 0.03 0.06 0.39 0.05 0.45 0.03 -0.06 0.33 0.03 0.46 0.03 -0.13*** 

HH size in adult equivalent 3.86 0.26 3.72 0.06 0.14 4.19 0.13 4.04 0.07 0.15 4.03 0.18 4.17 0.08 -0.14 

HH head is female 0.42 0.06 0.24 0.01 0.18*** 0.37 0.04 0.24 0.01 0.14*** 0.30 0.03 0.28 0.01 0.02 

HH head age 43.72 1.81 39.82 0.61 3.90** 47.02 1.17 42.21 0.59 4.81*** 50.27 1.45 44.39 0.44 5.88*** 

HH head level of education 4.59 0.45 5.72 0.22 -1.13** 4.42 0.34 5.92 0.22 -1.50*** 4.53 0.29 5.91 0.22 -1.38*** 

HH received credit 0.29 0.04 0.17 0.02 0.12*** 0.28 0.03 0.22 0.02 0.06 0.23 0.03 0.28 0.02 -0.05 

Ag asset wealth index, normalized 0.07 0.01 0.08 0.01 -0.01 0.08 0.01 0.08 0.00 0.01 0.08 0.01 0.07 0.00 0.01* 

Total land cultivated area (acres) 1.64 0.19 1.94 0.07 -0.30* 1.59 0.12 1.82 0.08 -0.23* 1.76 0.16 1.74 0.09 0.03 

Distance to the nearest main road 7.96 1.98 7.89 0.94 0.08 9.43 1.63 7.75 0.95 1.68 11.30 2.25 7.41 0.80 3.89** 

Distance to the nearest weekly market 2.57 0.76 4.57 0.55 -2.00** 2.90 0.93 4.86 0.78 -1.96* 5.81 0.93 4.47 0.69 1.34* 
Extension Service is located within the 
community 0.21 0.08 0.38 0.05 -0.17** 0.52 0.11 0.41 0.06 0.11 0.30 0.08 0.31 0.05 0.00 

Irrigation scheme within the community 0.14 0.06 0.11 0.03 0.02 0.21 0.08 0.13 0.04 0.09 0.30 0.09 0.15 0.04 0.15* 
Probability of anomalous dry conditions 
during long rainy season 8.85 0.65 8.70 0.43 0.15 7.91 0.50 7.19 0.41 0.72 7.25 0.65 7.78 0.37 -0.54 

Probability of extreme dry conditions 
during long rainy season 0.50 0.46 0.25 0.16 0.25 0.01 0.02 0.24 0.14 -0.22 0.51 0.35 0.60 0.22 -0.09 

Probability of drought during long rainy 
season 0.46 0.45 0.10 0.09 0.36 0.00  0.11 0.10 -0.11 0.05 0.05 0.23 0.16 -0.18 

N. of observations 110 2 398  246 2 262  299 2 209  
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Table 6. United Republic of Tanzania: descriptive statistics on selected variables by food aid recipients 

Note: The significance levels are *** p<.01, ** p<.05, * p<.1.  
Source: Authors’ own elaboration. 

 2008 2010 2012 

 Food aid No food aid 
DIFF. 

Food aid No food aid 
DIFF. 

Food aid No food aid 
DIFF. 

Mean SE Mean SE Mean SE Mean SE Mean SE Mean SE 

HH applies soil and/or water conservation 
structure 0.30 0.05 0.19 0.01 0.11* 0.09 0.03 0.12 0.01 -0.03 0.08 0.03 0.10 0.01 -0.01 

HH intercrops legume with any other crop  0.32 0.06 0.28 0.02 0.04 0.34 0.04 0.27 0.02 0.07 0.31 0.04 0.31 0.02 0.00 

HH uses organic fertilizer 0.15 0.07 0.14 0.01 0.01 0.17 0.04 0.15 0.01 0.03 0.21 0.05 0.17 0.01 0.04 

Livestock in TLU 1.39 0.47 2.90 0.90 -1.51 3.08 1.30 1.53 0.14 1.56 4.40 1.71 1.22 0.12 3.18* 

The HH does non-farm activity (any) 0.42 0.07 0.53 0.02 -0.11 0.54 0.05 0.59 0.02 -0.06 0.50 0.04 0.60 0.02 -0.10** 

HH size in adult equivalent 4.22 0.23 4.34 0.07 -0.13 4.75 0.26 4.49 0.06 0.26 5.18 0.23 4.40 0.06 0.77*** 

HH head is female 0.29 0.05 0.25 0.01 0.05 0.28 0.04 0.25 0.01 0.03 0.33 0.04 0.26 0.01 0.06 

HH head age 48.56 2.20 45.97 0.42 2.59 49.85 1.78 47.32 0.44 2.53 51.23 1.42 48.49 0.45 2.74* 

HH head level of education 4.58 0.45 5.08 0.10 -0.50 4.75 0.36 5.16 0.11 -0.41 4.41 0.31 5.30 0.11 -0.89*** 

HH received credit 0.04 0.02 0.07 0.01 -0.03 0.08 0.02 0.10 0.01 -0.02 0.15 0.04 0.11 0.01 0.04 

Ag asset wealth index, normalized 0.06 0.01 0.06 0.01 0.00 0.07 0.03 0.05 0.00 0.03 0.07 0.01 0.04 0.00 0.03* 

Total land cultivated area (acres) 3.22 0.44 4.49 0.17 -1.27*** 6.06 0.60 5.91 0.18 0.15 4.34 0.37 3.43 0.13 0.92** 

Distance to the nearest main road 20.95 5.01 16.53 1.12 4.42 22.97 2.44 15.89 1.07 7.07*** 20.22 2.37 15.86 1.12 4.35* 

Distance to the nearest weekly market 4.07 1.91 3.70 0.53 0.36 6.14 1.91 8.15 1.14 -2.01 6.71 2.13 4.89 0.96 1.82 
Extension Service is located within the 
community 0.24 0.05 0.20 0.01 0.04 0.18 0.04 0.12 0.01 0.07 0.14 0.03 0.07 0.01 0.07** 

Irrigation scheme within the community 0.17 0.09 0.07 0.02 0.10 0.07 0.03 0.05 0.01 0.02 0.06 0.03 0.05 0.01 0.01 
Probability of anomalous dry conditions 
during long rainy season 18.75 1.55 19.50 0.66 -0.74 16.84 1.75 19.88 0.59 -3.04* 17.04 1.46 19.26 0.51 -2.21 

Probability of extreme dry conditions 
during long rainy season 7.25 1.35 8.45 0.39 -1.20 6.93 1.16 8.35 0.41 -1.42 5.95 0.95 8.09 0.40 -2.14** 

Probability of drought during long rainy 
season 1.95 0.75 2.53 0.27 -0.58 2.22 0.80 2.04 0.21 0.17 1.50 0.48 1.96 0.20 -0.46 

N. of observations 78 2 990  126 2 946  179 2 893  
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5 Identification	strategy	and	estimation	procedure	

The empirical estimation of the causal effects of food aid on the adoption of selected practices 
is complicated because the treatment is not randomized, meaning that households within the 
treated and the control groups may be different at baseline (Pace et al., 2018). Failing to control 
for selection into the food aid recipient group, the units exposed to the treatment will 
systematically differ from those who are not, and the impact estimated will be biased 
(Rosenbaum and Rubin, 1983). In order to address this issue, the empirical strategy takes 
advantage of a doubly robust procedure that accounts for these observed differences by 
balancing the distribution of treated and control using either a propensity score (Hirano et al., 
2003; Bang and Robins, 2005) or a generalized propensity score procedure (Hirano and 
Imbens, 2004), depending on the nature of the treatment variable considered. Subsequently, 
the weights obtained (normalized and trimmed to deal with the bias that may arise from 
extreme weights)6 are used to feed an inverse probability weighted model that includes all the 
covariates used for the propensity score alongside other controls.  

The empirical strategy followed in this analysis will be introduced in two parts. First, we 
introduce the identification strategies that have been used to relax the concerns about the self-
selection of the households within the treatment. Subsequently, we show how the causal 
impact of the food aid programme on the adoption probabilities of selected practices have been 
estimated, and how the average treatment effect on treated (ATT) has been disentangled 
across the levels of the treatment exposure or interacted with other sources of risk. 
In particular, assuming that treated and untreated units may respond differently to the size of 
the transfer received, this study estimates a dose-response function for each pair of countries 
and practices in order to assess how the average treatment effect varies according to the size 
of the transfer received. Moreover, the possible interaction between the risk of adoption and 
other interrelated risk has been considered by interacting the treatment dummy with a variable 
capturing the risk exposure to anomalous low-rainfall period.  

It is worth highlighting that, to ensure a “fair” comparison among different countries, the data from 
different waves and countries have been harmonized and pooled. This allows implementing a 
specification that includes country fixed effect to rule out the unobserved confounding at the 
country level, in both the estimation of the propensity score and the outcome equations. 
However, the strategy of pooling data from the countries has some limitations. In particular, with 
this approach, it is not possible to account for unobserved heterogeneity at the household level 
through the household fixed effect or by estimating the models with a difference in difference 
(DiD) estimator.7 In order to relax the concerns arising from pooling different countries and 
partially ignoring the panel structure of the data, the robustness of the results has been tested 
through two robustness checks consisting in: (a) adding household level random effects to the 
full sample outcome equation (details and results in Annex 5), and; (b) restricting the sample at 
the country level and re-estimating the model for each country separately (details and results in 
Annex 6). The findings from these robustness checks largely confirm those from the main 
specification reducing the possible concerns associated with the empirical strategy. 

 
6 Since the inverse probability weighting procedure may be jeopardized by the existence of extreme weights, all the 
models have been estimated normalizing the weights from the PS procedure and stabilizing those from the GPS 
procedure. Moreover, in both the cases the weights have been truncated at the 10th and the 90th percentiles.  
7 In the former case, the high number of clusters and the small number of observations within each of them (large 
N and small T) make the estimation of the fixed effect parameters subject to the well-known “incidental parameter 
problem”. In the latter case, the proliferation of interactions underlying the difference in difference settings is likely 
to bias the estimates (given to high multicollinearity among many explanatory variables included in the model) and 
complicate the interpretation of the results. 
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5.1 Identification	strategy	
Accounting for the observed differences between food aid recipients and non-recipients is 
critical to ensure that the estimated relationships between receiving food aid and the adoption 
of climate-adaptive agricultural practices is not biased by self-selection. In our identification 
strategy, food aid is captured either by a dichotomous participation variable or continuous 
intensity variable. Given that, the conditional treatment exposures (constituting the weights 
used for the estimation procedure) are obtained using either a propensity score model (PS) 
(Rosenbaum and Rubin, 1983) or a general propensity model score (GPS) analysis (Hirano 
and Imbens, 2004). The objective of both procedures is to identify a counter-factual distribution 
of non-treated households that resemble the treated ones, according to observable 
characteristics8 that may influence participation and the size of the transfer received through 
the food aid programmes as well as the adoption of adaptive practices. 

In the binary treatment setting, the probability of treatment assignment conditional on observed 
baseline covariates ! is "! = $%	((! = 1|!) where "! represents a propensity score conditional 
that the distribution of measured baseline covariates is similar between treated and untreated 
subjects. In this empirical framework, the estimated propensity score is the predicted 
probability of treatment derived from the fitting a logistic regression model: 

,! = -(." + 	.#0! + 	.$1! + .%23& + 4!)  (1) 

where ,! is a dichotomous variable equal to 1 if the household received food aid from any 
programme during the twelve months preceding the interview and equal to 0 otherwise; 0! is 
a vector of variables that are assumed to affect both the treatment assignment (eligibility for 
the free food programme) and the outcome variable (adoption of CAAPs). In the three countries 
under consideration, food aid programmes typically target “vulnerable” populations, including 
households headed by widows, elderly people, and female-headed households, and 
households characterized as poor (Devereux, 2016; Adzai et al., 2017; Zant, 2012; Lentz and 
Barrett, 2008). Conversely, the literature on the adoption of improved agricultural practices 
suggests that adoption is typically concentrated among households with larger land holding 
(Corbeel et al., 2014; Knowler and Bradshaw, 2007), greater access to farm labour (Ngwira et 
al., 2007), better proximity to markets and extension services (Thierfelder et al., 2015; Corbeel 
et al., 2014), and greater access to capital and lower levels of risk through off-farm employment 
(Grabowski and Kerr, 2014).  

Based on this literature, we select a range of household characteristics to include in the vector 
of matching variables 0!, namely: household sociodemographic characteristics (age, sex and 
education of the household head, household size in adult equivalent, participation in any off-
farm income-generating activity, access to credit, distance from the closest main road), wealth 
and asset indicators (agricultural wealth composite index, total area of land cultivated), and 
community services (extension services officer located within the community and presence of 
some kind of irrigation scheme at community level). Moreover, a vector containing country 
dummies 1! captures the country fixed effects. A vector containing year dummies 23& 
corresponds to the year in which the survey wave was collected in each country in order to 
capture year fixed effects, while 4! is the error term. It is worth noting that the inclusion of 

 
8The variables included in the PS procedure are household size, gender of household head, age of household 
head, education of household head, access to credit, agricultural wealth index, total land size, distance from road, 
extension officer in the community, having an irrigation scheme, and year dummies.  
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country and year fixed effect in the propensity score procedure relaxes the concerns about the 
pooling of different countries and does not fully consider the data's panel structure.  

Assuming that the covariates included in the regression model are those driving the 
assignment into the treatment, the treatment assignment is “strongly ignorable” (Rosenbaum 
and Rubin, 1983), meaning that (a) the treatment assignment Z is independent of the potential 
outcome Y conditional on the observed baseline covariates !:  

[,(1), ,(0)] ⊥ (|!  (2) 

and (b) all the unit has a nonzero probability of receiving either treatment: 

0 < $(( = 1|!) < 1  (3) 

After restricting the sample to observations within the “common support area”, the distribution 
of the propensity score (Figure 1a) and the standardized differences between treated and 
controls across all the dimensions included in the propensity score model (Figure 1b), confirm 
the correctness of the balancing procedure. The overall balancing is also confirmed by the 
reduction of the mean bias of the treatment probability density functions from 12.33 percent to 
1.50 percent.9  

Figure 1. Results of balancing tests 

a) Propensity score probability by 
treatment status  

 

b) Standardized differences between 
treated and controls 

 

Source: Authors’ own elaboration. 

The analysis is further developed by representing food aid in terms of the real USD 2010 value 
of the transfer received. In this framework, ( denotes the level of the treatment, and the 
conditional density of the continuous exposure variable conditional on the baseline covariate 
represents the generalized propensity score (GPS). 

%(;, <) = -'((!)(;|<)   (4) 

The propensity function is determined by regressing the quantitative exposure on the set of 
observed baseline covariates determining the transfer size received (such as age, sex of the 
household head, household size in adult equivalent, participation in any off-farm income-
generating activity). For a given household, the value of the GPS is the density function 

 
9 The rule of thumb is to consider a satisfying balancing procedure when the mean bias is below the 5 
percent threshold. 
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evaluated at the observed value of that household’s exposure. As a simplifying example, if the 
exposure ( is conditionally normally distributed with mean . and variance =$, then the GPS 

function can be extracted by the normal density #
*+√$	. 	"

/!"0
#$%&'
() 1

"

 where z is the level of the 

treatment (also called treatment exposure) and .>  and =? are both estimated using an OLS 
model. It is worth noting that the normality assumption could be relaxed and any other suitable 
mixture of distributions can be used as long as it is possible to describe parametrically the 
density function of the quantitative exposure conditional on a set of observed covariates.10 
Similarly to the propensity score, the balancing property of the GPS requires that within strata 
with the same value of %(;, <), the probability that ( is equal to a specific value ; does not 
depend on the value of the covariates ! such as 

! ⊥ @(( = ;)|%(;, <)   (5) 

where I(.) is a generic indicator for the functional form of the treatment exposure conditional 
density function. The set of the potential treatment values is divided into four intervals 
corresponding to the quintile of the treatment distribution. In comparison, the values of the 
GPS evaluated at the representative point of each treatment interval are further divided into 
five intervals. 

According to the “order of magnitude” interpretations of both a standard two-sided t-test and a 
Bayes-factor–based method, the analysis finds very little evidence against the balancing 
property, so the balance property is satisfied at level 0.10.11 Similar to the dichotomous 
treatment case, satisfying the balancing property entails that the assignment to the treatment 
is unconfounded conditional to the GPS for any treatment value (Hirano and Imbens, 2004). 
Given this, the estimated treatment effects at each level of the treatment can be considered 
unbiased. 

5.2 Estimation	procedure	
The analysis of the role of food aid as a determinant of adopting climate-adaptive agricultural 
practices starts by looking at participation in food aid (FF) programmes, then turns to an 
estimation of the marginal impact of the intensity of the programme, measured as the logarithm 
of the value of food aid received.  

In this baseline model, the participation in food aid programmes variable interacts with the 
country dummies (equation 6). In particular, the analysis estimates an inverse probability 
weighted model (IPW) using either a logistic or a linear estimator, depending on how the 
adoption of the CAAP is defined (binary or continuous variable). Such a model is generalized 
as follows:  

,! = -(." +	.#AA! ∗ CDEFG%H! +	.$0! + 4!)	 (6) 

Where ,! represents the adoption probability of each practice proxied by a dummy variable for 
soil and water conservation structures (SWC), legume intercropping (LI) and the use of organic 
fertilizer (OF), or a continuous variable for the number of animals owned by the household 
when the effect of food aid on livestock investments (LIVE) is considered. The treatment AA! 
is either a dichotomous variable indicating food aid programme participation or a continuous 

 
10 It is worth noting that, for the purpose of this study, the dependent variable has been assumed to be conditionally 
distributed as a gamma, while the link relates the predictor to the conditional expectation, which is assumed to be 
a logarithm.  
11 The single t-test and Bayesian factor for each variable at each representative point are available upon request. 
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variable for the value of the aid transfer received, according to the specific treatment variable 
under consideration. In the previous case, the weights come from a PS model while, in the 
latter, they steam from a GPS procedure. The element 0! is a vector of variables, including all 
covariates included in the PS and the GPS procedure, such as household socio-demographic 
characteristics, agricultural wealth variables, distances, and community services. Furthermore, 
the vector also includes additional variables that, while not assumed to shape the treatment 
assignment, are probably influencing the adoption choices (details are in Annexes 2 and 3), 
and 4! is the random error term. 

In order to shed light on the possible channel through which receiving food aid affects the 
adoption of CAAPs, the average effect estimated with the continuous treatment has been 
complemented with the dose-response effect estimated at different levels of the treatment. The 
underlying assumption for implementing this method is that the treatment effect could vary 
across the distribution of the food transfer value. We posit that an increasing dose-response 
from the bottom to the top of the treatment distribution (at least until a certain point) indicates 
liquidity constraints being relatively more binding to the adoption of the practice. Conversely, 
when the dose-response function is steady or even decreasing, the results suggest that the 
food transfer affects the adoption of CAAPs by relaxing the risk constraints. 

Calculating the dose-response function entails modelling the conditional expectation, 
I(,!|(! , J!), of the outcome, ,!, as flexible function K(. )	of the treatment, (!, and GPS, J!, 
through the predictor M((, J! , N). In particular, the dose-response function is the average 
potential outcome for each level of the treatment calculated as follows (Imbens, 2000; Hirano 
and Imbens, 2004; Bia and Mattei, 2008): 

IO,(;)PQ = #
2∑ K/#[2

#3# 	M>	{;, %̂(;, !!); N?}]   (7) 

Finally, to disentangle the heterogeneous impacts of food aid on farmer investment behaviours 
another interaction another term, W!, is introduced into the binary treatment model specification 
(details are in Annex 4). In our framework, W! indicates the risk exposure to anomalous low-
rainfall periods. 

Formally, the baseline equation is re-written as follows and the estimated parameters have 
been used to calculate the average marginal effect (AME) at different levels of low-rainfall risk 
exposure: 

,! = -(." +	.#AA! ∗ CDEFG%H! ∗ W! +	.$0! + 4!)  (8) 
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6 Empirical	results	

In the sub-sections below, the relationship between receiving food aid and adopting the CAAPs 
is examined along several dimensions. First, we assess if receiving food aid, regardless of 
quantity or specific targeting criteria, is associated with differences in the probability of adopting 
the practices. Next, we examine the extent to which an increase in the value of the food aid 
transfer is associated with marginal changes in the probability of adopting the practices, on 
average and across the distribution of the food transfer value. Finally, we examine how the 
impacts of food aid on the adoption of CAAPs vary relative to non-food aid recipients along the 
quantile of the low-rainfall risk exposure distribution. The marginal effects for each variable of 
interest are reported in what follows. The complete results from each model estimation can be 
found throughout Annexes 2 and 4. 

6.1 Does	receiving	food	aid	affect	the	adoption	of	CAAPs?		
Table 7 reports the marginal effects of receiving food aid on the probability of adopting the four 
climate adaptation strategies in each country. The empirical findings show that receiving food 
aid is positively and significantly associated with the adoption of various climate-adaptive 
agricultural practices. In Ethiopia and Malawi, households receiving food aid are 6.2 and 
4.6 percent more likely to invest in soil conservation structures relative to non-beneficiaries, 
respectively. In Malawi and the United Republic of Tanzania, receiving a transfer of food 
increases the probability of adopting legume intercropping by 5.6 and 5.7 percent, respectively. 
In Malawi, food aid also increases the probability of adopting organic fertilizer (+1.1 percent), 
while in the United Republic of Tanzania, it increases livestock investments (+10 percent). 
These findings generally support the hypothesis that receiving food aid reduces the key 
constraints to adopting at least one CAAP in each country. However, in Ethiopia, where food 
aid transfers have been historically larger, the results also show that food aid recipients, all 
else equal, are 3.7 percent less likely to invest in legume intercropping, and 16.3 percent less 
likely to apply organic fertilizer relative to non-beneficiaries.  

Table 7. Average marginal effects of free aid participation on climate-adaptive 
agricultural practices adoption  

 Soil and water 
conservation 

Legume 
intercropping 

Organic fertilizer Livestock 

Coeff. P-Value Coeff. P-Value Coeff. P-Value Coeff. P-Value 
Ethiopia 0.062* 0.10 -0.037** 0.02 -0.163*** 0.00 0.052 0.23 
Malawi 0.046* 0.10 0.056* 0.05 0.011** 0.01 0.023 0.24 
United 
Republic of 
Tanzania 

0.022 0.41 0.055* 0.08 0.010 0.77 0.100** 0.027 

Note: The significance levels are *** p<.01, ** p<.05, * p<.1. 
Source: Authors’ own elaboration. 
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6.2 How	does	the	impact	of	food	aid	vary	as	the	size	of	the	
transfer	increases?	

In order to explore in more depth the results obtained through a dichotomous treatment 
indicator, we examine how the impacts vary in response to the value of the transfer received. 
Table 8 presents the average marginal impact of a one percent increase in the value of the 
transfer received (in 2010 USD) on the adoption of CAAPs considering the sub-sample of food 
aid recipients. In Ethiopia and the United Republic of Tanzania, an increase of 1 percent of the 
food aid increases the number of animals in TLU owned by the farmer (on average 7.7 percent 
in Ethiopia and 9.5 percent in the United Republic of Tanzania). The positive impact on 
livestock ownership is consistent with results reported in Beegle et al. (2018), who found a 
34 percent increase in livestock ownership associated with the participation in social safety net 
programmes in seven African countries. In SSA, livestock ownership is both an important 
mechanism for diversifying income and a source of precautionary savings for households 
(Fafchamps et al., 1998; Bailey et al., 1999). However, as the investments in livestock are 
capital intensive, they are often constrained by liquidity shortages (Fafchamps et al., 1998). 
Therefore, the estimated positive impact of the transfer value on livestock investments 
supports the hypothesis that food aid transfers relax households’ liquidity constraints for capital 
intensive adaptive practices. These results are particularly relevant for Ethiopia, where the 
negative impacts of participation in food aid programmes on the agricultural CAAPs, coupled 
with the positive impact of the size of the transfer received on livestock ownership, suggest 
that food transfers are supporting households to invest in capital intensive strategies and 
diversify their livelihood portfolios away from more climate-sensitive crop-based investments 
(Notenbaert et al., 2017). 

Table 8. Average marginal effects of transfers size on climate-adaptive agricultural 
practices adoption  

 Soil conservation Legume 
intercropping 

Organic fertilizer Livestock 

Coeff. P-Value Coeff. P-Value Coeff. P-Value Coeff. P-Value 
Ethiopia -0.108*** 0.00 -0.026 0.257 -0.056* 0.06 0.077** 0.04 
Malawi 0.021 0.29 -0.035 0.116 0.013 0.51 0.026 0.14 
United 
Republic of 
Tanzania 

-0.018 0.41 -0.006 0.868 -0.013 0.74 0.095** 0.02 

Note: The levels of significance are *** p<.01, ** p<.05, * p<.1. 
Source: Authors’ own elaboration. 

We further explore how variations in food transfer value influence farmers’ investments in 
CAAPs by estimating dose-response functions across the distribution of the food aid value for 
each CAAP in each country (Figures 2, 3 and 4).  

In Ethiopia, the results show that among food aid beneficiaries, the impact of food aid on the 
adoption of CAAPs increases linearly with the size of transfer for livestock (which is the most 
resource-intensive practice considered). However, it monotonically decreases considering the 
adoption of SWC or organic fertilizers and is not statistically different from zero for the adoption 
of legume intercropping. These results support our hypothesis that where resource constraints 
to adopting CAAPs are high (i.e. for livestock), food aid can generate beneficial resource 
effects for recipients. However, higher transfer values may also be associated with investments 
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in other farm and off-farm investments that are not considered in our analysis. Future analysis 
is needed to better understand the impact of food aid on a broader range of farm and off-farm 
investments. 

In Malawi, the results show that among food aid recipients, the treatment effect of food aid on 
the adoption of soil and water conservation structures and livestock accumulation increases 
linearly in response to higher transfer values. The treatment effect also increases across the 
transfer size for the adoption of organic fertilizers, although no differences are observed when 
the transfer increases from USD 50 to USD 100. Moreover, the treatment effect of food aid on 
the probability of implementing legume intercropping decreases up to a transfer of USD 50, 
and then it slightly increases for larger transfers. 

In the United Republic of Tanzania, the treatment effect on the probability of implementing soil 
and water conservation structure and legume intercropping decreases up to a transfer of 
USD 20, then slightly increases up to a transfer of USD 40. After such a threshold, an increase 
of the transfer is not associated with any statistically significant increase in the probability of 
adopting the practices. A similar pattern is detected for the probability of adopting organic 
fertilizers. However, the probability of adoption does not decrease as the transfer increases up 
to USD 20. Conversely, the treatment effect on the number of livestock owned increases 
steadily with the transfer size up to USD 20; it remains flat up to a transfer of USD 60 and turns 
to be not statistically significant above such a threshold. 

Figure 2. Dose-response functions in Ethiopia 

 
Source: Authors’ own elaboration. 
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Figure 3. Dose-response functions in Malawi 

 
Source: Authors’ own elaboration. 
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Figure 4. Dose-response functions in the United Republic of Tanzania 

 
Source: Authors’ own elaboration. 

6.3 How	does	the	impact	of	food	aid	interact	with	climate-related	risks?		
Table 9 compares the impact of food transfers on households across different levels of low-
rainfall risk exposure. We focus on low precipitation risk because this is the most widely 
observed weather shock in the two countries. In our framework, the risk exposure to low rainfall 
episodes is measured as the number of years between 1990 and the year preceding the 
specific survey wave in which the standard precipitation and evapo-transpiration index (SPEI) 
is smaller than one (i.e. one standard deviation lower than the long-term average). It is worth 
noting that the results describe how the low-rainfall risk exposure affects the relationships 
between food aid and the adoption of CAAPs, and not the effectiveness of each adaptive 
strategy in the wake of a shock episode.  

The results show that in Ethiopia, the impact of food aid on the adoption of soil and water 
conservation structure and livestock ownership is higher in regions characterized by a greater 
risk of low rainfall. As for the impact on the probability of adopting legume intercropping, 
although negative on average (see table 7), the treatment effect became less negative or even 
not statistically different from zero moving toward the upper tail of the risk exposure distribution. 
These results suggest that the expected marginal utility of adopting specific CAAPs increases 
in high-risk areas in Ethiopia. 

Similar results have been found regarding the adoption of soil and water conservation 
structures in Malawi. Food aid is increasingly affecting the probability of adopting SWCs 
moving toward the upper tail of the distribution of risk exposure to an anomalous dry period. 
These findings are likely because the expected return from the adoption of this strategy in an 
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area characterized by low-rainfall risk is high enough to compensate for the increase in the 
risks related to the adoption of new technologies. This is not the case for the implementation 
of legume intercropping and the adoption of organic fertilizers as the cost of these CAAPs 
(particularly in terms of labour intensiveness) may be too high in an area subject to frequent 
dry spells. 

In the United Republic of Tanzania, the treatment effect on the probability of practicing legume 
intercropping is positive only for areas highly exposed to anomalous dry episodes. Once again, 
these results demonstrate the importance of growing legumes alongside the main staple crop 
when the risk of low precipitations may be too high. The benefits of intercropping with legume 
are not only related to the diversification of the production but also to the increasing fertility of 
the soils due to the nitrogen fixation. Conversely, the treatment effect of receiving food aid on 
the number of livestock animals owned, although positive, is linearly decreasing, moving 
toward the upper tail of the distribution of the risk exposure until becoming not statistically 
significant for the upper quintile. These results could be due to the greater risk aversion of 
farmers operating in areas that frequently experienced dry shocks (Cassar et al., 2017; 
Cameron and Shah, 2015). 

Overall, the heterogenous findings suggest that although food aid seems to support the 
adoption of CAAPs in particular in areas highly exposed to risk of extreme dry episodes, in 
some cases it is not sufficient to trigger sustainable investments due to a higher risk aversion 
and relatively lower expected return from the adoption in areas highly exposed to climate 
shocks. This is particularly true for the adoption of practices that are perceived as high capital 
and labour intensive. Bundling farmer-led approaches to developing site-specific adaptation 
practices, with risk and liquidity-reducing support mechanisms, may be the most effective way 
to overcome the barriers to adaptation for these practices in high-risk areas.  
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Table 9. Marginal effects of food aid on climate-adaptive agricultural practices 
across risk exposure to low rainfall 

 Low-rainfall 
risk 

probability 

Soil conservation Legume 
intercropping 

Organic  
fertilizer 

Livestock 

Coeff. P-Value Coeff. P-Value Coeff. P-Value Coeff. P-Value 
Ethiopia  Low 0.022 0.65 -0.062*** 0.00 -0.189*** 0.00 0.050 0.42 

Q2 0.035 0.43 -0.057*** 0.00 -0.185*** 0.00 0.056 0.32 

Q3 0.053 0.14 -0.050*** 0.00 -0.179*** 0.00 0.066 0.17 
Q4 0.120*** 0.00 -0.014 0.51 -0.147*** 0.00 0.108* 0.07 

High 0.144*** 0.00 0.005 0.86 -0.130** 0.02 0.129 0.12 

Malawi Low 0.016 0.60 0.044 0.15 0.064* 0.05 0.022 0.30 
Q2 0.042 0.14 0.056* 0.05 0.071** 0.02 0.020 0.30 

Q3 0.082** 0.01 0.076** 0.03 0.082** 0.01 0.017 0.47 
Q4 0.249** 0.01 0.162 0.12 0.122 0.16 0.002 0.98 

High 0.321*** 0.00 0.201 0.14 0.139 0.24 -0.005 0.96 
United 
Republic 
of Tanzania 

Low -0.029 0.39 0.009 0.84 -0.003 0.94 0.128* 0.09 
Q2 -0.025 0.45 0.015 0.73 -0.002 0.96 0.123* 0.08 

Q3 -0.017 0.58 0.023 0.55 -0.001 0.98 0.114* 0.07 
Q4 0.017 0.52 0.060* 0.06 0.005 0.86 0.077* 0.09 

High 0.034 0.24 0.078** 0.04 0.008 0.82 0.058 0.28 

Note: The significance levels are *** p<.01, ** p<.05, * p<.1. 
Source: Authors’ own elaboration. 

Figure 5. Impact of food aid on climate-adaptive agricultural practices across climate 
risk exposure in Ethiopia 

 
Source: Authors’ own elaboration. 
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Figure 6. Impact of food aid on climate-adaptive agricultural practices across climate 
risk exposure in Malawi 

 
Source: Authors’ own elaboration. 

Figure 7. Impact of food aid on climate-adaptive agricultural practices across climate 
risk exposure in the United Republic of Tanzania 

 
Source: Authors’ own elaboration. 
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7 Concluding	remarks	and	implications	

Identifying feasible and effective strategies for scaling up the adoption of climate-adaptive 
agricultural practices among smallholders in SSA is critical for reducing the adverse effects of 
climate change on the region and its inhabitants. This article shows that food aid transfers to 
smallholder farmers offer a potential avenue for contributing to this objective.  

In particular, the empirical results highlight that in Ethiopia, Malawi and the United Republic of 
Tanzania, food aid triggers significant changes in investment behaviours related to four 
different potential climate adaptation strategies. Food aid is likely to influence investment 
choices by directly reducing liquidity constraints and indirectly reducing risk perception. The 
impact of food aid has been disentangled across the value of the transfer and the level of risk 
exposure to low-rainfall episodes to identify the pathway which drives the adoption of a specific 
practice. The empirical results suggest that food aid transfers influence farmers’ capacity to 
change their farm management and investment behaviours. However, the specificity of the 
response is mediated through context and practice-specific factors.  

In Ethiopia, receiving food aid is associated on average with a reduced probability of investment 
in legume intercropping and organic fertilizer but a higher probability of investing in soil and water 
conservation structures. Moreover, the impact on livestock investments is positive as the size of 
the transfer increases. These treatment effects become more positive (or less negative) in areas 
where the dry shocks have been historically more frequent, suggesting that the expected 
marginal utility of adopting specific CAAPs increases in high-risk areas. 

In Malawi, food aid transfers increase the probability of a farmer investing in all the crop-based 
CAAPs. The impact of food aid on livestock investments increases according to the size of the 
transfer and the impact on the probability of adopting soil and water conservation structure and 
practicing legume intercropping increases moving toward the upper tail of the risk exposure to 
dry shocks. However, this is not the case for a labour-intensive practice such as the application 
of organic fertilizers whose probability of adoption decreases in the area where the dry spells 
have been historically more frequent. 

In the United Republic of Tanzania, food transfer affects the adoption of legume intercropping 
and livestock accumulation. Once again, the impact of food aid on livestock investments 
increases according to the size of the transfer (up to USD 20), but the impact of the food aid 
on the number of livestock animals owned tends to decrease as the risk of exposure to 
anomalous dry episodes increases. 

Overall, our findings show that, existing food aid programmes, or other social safety net 
programmes that provide farmers with predictable sources of cash or in-kind transfers, can be 
harnessed to achieve meaningful changes in how farmers manage their land and invest in their 
farms. Smallholder farmers in SSA are aware of the risks that they are exposed to and have 
ideas about how to respond to these risks. However, for the adoption of specific practices, they 
face significant liquidity and risk-related obstacles. Key bottlenecks to adopting climate-adaptive 
agricultural practices can be reduced, even in areas where weather risks are high, by linking 
social protection support with farmer-led development and prioritization of adaption practices. 
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Annex	1.		 Full	sample	descriptive	statistics	and	overall	
balancing	properties	

Table A1. Descriptive statistics on the full sample 

Variable  Obs. Mean Std. 
Dev. Min Max 

Practices      

HH applies soil and/or water conservation 
structure 27 656 0.291 0.454 0 1 

HH intercrops legume with any other crop 
(all the fields) 27 656 0.201 0.401 0 1 

HH uses organic fertilizer 27 656 0.281 0.449 0 1 
Animals in TLU 27 656 1.474 10.105 0 1 002.59 
Food aid programme      

Dummy food aid programme 27 620 0.073 0.260 0 1 
Food aid: value of all aid received  
(USD 2010; only food aid participant) 2 006 37.860 66.898 0.059017 1 622.716 

Household characteristics      

The HH does non-farm activity (any) 27 656 0.476 0.499 0 1 
HH size 27 656 4.188 2.142 0.78 43.58 
HH Head is female 27 656 0.250 0.433 0 1 
HH Head age 27 656 44.881 15.745 8 113 
HH Head level of education 27 656 4.434 4.341 0 18 
HH received credit 27 656 0.189 0.392 0 1 
Agricultural Wealth Index (normalized) 27 656 0.115 0.148 0 1 
Area of plot (GPS measured acres) 27 656 3.441 3.558 0 12.405 
Distances      

Distance to the nearest main road 27 174 14.330 20.241 0 271 
Distance to the nearest weekly market 27 656 6.188 14.356 0 250 
Community and weather      

Extension service is located within the 
community 27 656 0.470 0.499 0 1 

Irrigation scheme within the community 27 656 0.279 0.449 0 1 
Probability of anomalous dry conditions 27 533 14.428 9.004 0 50 
Probability of extreme dry conditions  27 533 4.553 5.977 0 37.5 
Probability of drought 27 533 1.162 3.264 0 12.5 

Source: Authors’ own elaboration. 
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Figure A1. Density of treatment probability by treatment status before and after the 
balancing (three countries sample) 

 

Source: Authors’ own elaboration. 
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Annex	2.	 Impact	of	food	aid	participation	on	the	adoption	of	
climate-adaptive	agricultural	practices		

Table A2. Complete results from estimating the impact of food aid participation on 
the adoption of climate-adaptive agricultural practices  

Variables Soil water 
conservation 

Legume 
intercropping 

Organic 
fertilizer Livestock 

Dummy food aid programme = 1 0.328 -0.446* -0.758*** 0.052 
 (0.209) (0.235) (0.147) (0.043) 
country = 2, Malawi -0.739*** 1.549*** -1.510*** -0.545*** 
 (0.200) (0.197) (0.215) (0.057) 
country = 3, United Republic of 
Tanzania -2.258*** 1.884*** -1.168*** -0.342*** 

 (0.270) (0.239) (0.270) (0.067) 
1.FF#2.country -0.102 0.697*** 1.181*** -0.029 
 (0.251) (0.268) (0.213) (0.047) 
1.FF#3.country -0.151 0.681** 0.810*** 0.047 
 (0.299) (0.270) (0.233) (0.060) 
The HH does non-farm activity 
(any) 0.070 0.098 -0.087 -0.076*** 

 (0.110) (0.094) (0.106) (0.025) 
HH size -0.030 -0.007 -0.003 0.056*** 
 (0.019) (0.016) (0.019) (0.005) 
HH head is female -0.087 -0.014 -0.055 -0.016 
 (0.124) (0.109) (0.121) (0.026) 
HH head age -0.001 -0.002 0.003 0.001 
 (0.003) (0.003) (0.003) (0.001) 
HH head level of education 0.020 -0.028** 0.025 0.009*** 
 (0.016) (0.014) (0.017) (0.003) 
HH received credit 0.233* 0.269** 0.310*** -0.075*** 
 (0.122) (0.112) (0.118) (0.024) 
Agricultural Wealth Index 
(normalized) 0.924** 0.221 1.759*** 1.559*** 

 (0.397) (0.366) (0.375) (0.138) 
Log of plot area (GPS 
measured) 0.357*** -0.047 0.112 0.206*** 

 (0.104) (0.081) (0.087) (0.029) 
Log of distance to main road -0.048 0.176*** -0.078* 0.011 
 (0.051) (0.042) (0.046) (0.010) 
Log of distance to weekly 
market 0.012 0.056 -0.066* 0.031*** 

 (0.039) (0.036) (0.036) (0.009) 
Extension service is located 
within  
the community 

0.327*** 0.052 0.468*** -0.033 

 (0.114) (0.108) (0.117) (0.032) 
Irrigation scheme within the 
community 0.224 0.509*** 0.155 -0.040 

 (0.139) (0.119) (0.116) (0.030) 
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Variables Soil water 
conservation 

Legume 
intercropping 

Organic 
fertilizer Livestock 

Probability of anomalous dry 
conditions  0.020*** 0.009 0.023*** -0.000 

 (0.008) (0.006) (0.007) (0.002) 
Probability of extreme dry 
conditions  -0.007 -0.011 -0.048*** -0.004 

 (0.017) (0.010) (0.012) (0.003) 
Probability of drought -0.089*** 0.013 -0.087*** -0.015*** 
 (0.026) (0.019) (0.025) (0.005) 
Survey year = 2010 -0.826*** 0.046 0.318 -0.067 
 (0.226) (0.188) (0.224) (0.058) 
Survey year = 2011 -4.320*** 0.394 0.221 -0.005 
 (0.369) (0.296) (0.330) (0.083) 
Survey year = 2012 -1.305*** 0.058 0.344* -0.045 
 (0.224) (0.178) (0.208) (0.052) 
Survey year = 2013 -0.578** 0.749*** 0.481* -0.108* 
 (0.248) (0.213) (0.255) (0.060) 
Survey year = 2015 -0.220 -0.260 1.144*** -0.171** 
 (0.311) (0.327) (0.330) (0.078) 
Survey year = 2016 -0.390 0.669*** 0.904*** -0.079 
 (0.252) (0.217) (0.260) (0.059) 
Constant 0.497 -2.957*** -0.965** 0.163* 
 (0.394) (0.366) (0.418) (0.093) 
Observations 16 560 16 560 16 560 16 560 
R-squared 0.244 0.0829 0.156 0.470 

Source: Authors’ own elaboration. 
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Annex	3.	 Impact	of	food	aid	transfers	on	the	adoption	of	
climate-adaptive	agricultural	practices	

Table A3. Complete results from estimating the impact of food aid transfer size on the 
adoption of climate-adaptive agricultural practices 

Variables Soil water 
conservation 

Legume 
intercropping 

Organic 
fertilizer Livestock 

Food aid: value of all aid received 
(log) (USD 2010) -0.632** 0.303 -0.263* 0.077** 

 (0.248) (0.240) (0.140) (0.036) 
country = 2, Malawi -2.972*** 3.662*** -1.643** -0.412*** 
 (1.016) (0.890) (0.699) (0.143) 
country = 3, United Republic of 
Tanzania -4.346*** 3.250*** -1.085 -0.188 

 (1.132) (0.928) (0.773) (0.177) 
2.country#c.LFF 0.735*** -0.457* 0.336* -0.051 
 (0.267) (0.259) (0.179) (0.040) 
3.country#c.LFF 0.436 -0.278 0.197 0.018 
 (0.362) (0.281) (0.245) (0.055) 
the HH does non-farm activity (any) 0.235 0.096 -0.025 -0.127*** 
 (0.191) (0.167) (0.178) (0.036) 
HH size -0.033 -0.023 0.013 0.057*** 
 (0.037) (0.029) (0.030) (0.009) 
HH head is female -0.129 -0.162 -0.055 0.011 
 (0.207) (0.190) (0.195) (0.044) 
HH head age 0.000 -0.004 0.004 0.001 
 (0.006) (0.006) (0.005) (0.001) 
HH head level of education 0.037 -0.037 0.028 0.016*** 
 (0.030) (0.028) (0.029) (0.006) 
HH received credit 0.104 0.482** 0.295 -0.094** 
 (0.210) (0.192) (0.198) (0.040) 
Agricultural Wealth Index (normalized) 0.068 0.293 0.827 1.623*** 
 (0.768) (0.682) (0.667) (0.240) 
Log of plot area (GPS measured) 0.571*** -0.103 0.099 0.196*** 
 (0.184) (0.158) (0.151) (0.044) 
Log of distance to main road 0.091 0.375*** -0.110 0.013 
 (0.091) (0.082) (0.081) (0.015) 
Log of distance to weekly market -0.047 -0.015 -0.131** 0.035** 
 (0.072) (0.064) (0.065) (0.014) 
Extension Service is located within 
the community 0.413** 0.014 0.461** -0.048 

 (0.192) (0.184) (0.188) (0.038) 
Irrigation scheme within the 
community -0.216 0.655*** 0.038 -0.044 

 (0.216) (0.199) (0.195) (0.045) 
Probability of anomalous dry 
conditions  0.033** 0.024** 0.029** -0.002 

 (0.014) (0.011) (0.012) (0.003) 



 

 38 

Variables Soil water 
conservation 

Legume 
intercropping 

Organic 
fertilizer Livestock 

Probability of extreme dry conditions -0.036 -0.024 -0.074*** -0.008 
 (0.030) (0.022) (0.023) (0.005) 
Probability of drought during -0.139** 0.054 -0.091* -0.006 
 (0.059) (0.034) (0.052) (0.008) 
Survey year = 2010 -1.471*** 0.316 0.535 0.020 
 (0.464) (0.368) (0.463) (0.104) 
Survey year = 2011 -4.840*** 0.148 0.257 0.255* 
 (0.748) (0.651) (0.649) (0.152) 
Survey year = 2012 -1.913*** 0.105 0.257 0.044 
 (0.459) (0.373) (0.445) (0.096) 
Survey year = 2013 -1.017** 1.048** 0.609 -0.059 
 (0.504) (0.421) (0.514) (0.111) 
Survey year = 2015 -0.207 -0.124 1.600** -0.122 
 (0.650) (0.673) (0.642) (0.142) 
Survey year = 2016 -1.042** 0.995** 1.013* -0.045 
 (0.514) (0.431) (0.525) (0.111) 
Constant 2.723** -4.752*** -0.802 -0.090 
 (1.149) (0.974) (0.865) (0.189) 
Observations 1 141 1 141 1 141 1 141 
R-squared 0.251 0.136 0.106 0.555 

Source: Authors’ own elaboration. 

  



 

 39 

Annex	4.	 Impact	of	food	aid	on	climate-adaptive	agricultural	practices	
across	risk	exposure	to	low-rainfall		

Table A4. Complete results from interacting the impact of food aid on the adoption of 
climate-adaptive agricultural practices with low-rainfall risk exposure 

Variables Soil water 
conservation 

Legume 
intercropping 

Organic 
fertilizer Livestock 

Dummy food aid programme = 
1 -0.180 -1.036*** -0.906*** 0.024 

 (0.376) (0.387) (0.252) (0.095) 
country = 2, Malawi -0.749*** 1.079*** -1.162*** -0.410*** 
 (0.180) (0.193) (0.206) (0.053) 
country = 3, United Republic 
of Tanzania -2.096*** 1.750*** -1.326*** -0.239*** 

 (0.255) (0.236) (0.275) (0.068) 
1.FF#2.country -0.267 1.012** 1.070** 0.008 
 (0.510) (0.495) (0.420) (0.106) 
1.FF#3.country -0.236 0.978** 0.866** 0.128 
 (0.540) (0.470) (0.424) (0.140) 
Probability of anomalous dry 
conditions  0.015** -0.015*** 0.021*** 0.005*** 

 (0.006) (0.005) (0.005) (0.001) 
1.FF#c.spi_longnanom_prob 0.048** 0.044** 0.014 0.004 
 (0.020) (0.021) (0.016) (0.006) 
2.country#c.spi_longnanom_ 
prob -0.025** 0.041*** -0.057*** -0.011*** 

 (0.011) (0.011) (0.012) (0.002) 
3.country#c.spi_longnanom_ 
prob -0.026*** 0.012* -0.023*** -0.009*** 

 (0.008) (0.006) (0.007) (0.002) 
1.FF#2.country#c.spi_longnan
om_prob 0.036 -0.008 0.017 -0.006 

 (0.044) (0.042) (0.040) (0.009) 
1.FF#3.country#c.spi_longnan
om_prob -0.020 -0.028 -0.010 -0.008 

 (0.026) (0.025) (0.023) (0.008) 
The HH does non-farm activity 
(any) 0.082 0.108 -0.080 -0.079*** 

 (0.109) (0.094) (0.106) (0.025) 
HH size -0.027 -0.009 0.001 0.057*** 
 (0.019) (0.016) (0.018) (0.005) 
HH head is female -0.080 -0.022 -0.040 -0.012 
 (0.124) (0.109) (0.120) (0.026) 
HH head age -0.001 -0.002 0.003 0.001 
 (0.003) (0.003) (0.003) (0.001) 
HH head level of education 0.024 -0.030** 0.034** 0.010*** 
 (0.016) (0.014) (0.016) (0.003) 
HH received credit 0.242** 0.273** 0.298** -0.086*** 
 (0.121) (0.111) (0.117) (0.023) 
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Variables Soil water 
conservation 

Legume 
intercropping 

Organic 
fertilizer Livestock 

Agricultural Wealth Index 
(normalized) 1.085*** 0.266 1.992*** 1.597*** 

 (0.382) (0.371) (0.371) (0.139) 
Log of plot area (GPS 
measured) 0.360*** -0.038 0.089 0.197*** 

 (0.103) (0.080) (0.091) (0.029) 
Log of distance to main road -0.030 0.173*** -0.038 0.015 
 (0.051) (0.041) (0.044) (0.010) 
Log of distance to weekly 
market 0.002 0.057 -0.070* 0.029*** 

 (0.040) (0.036) (0.037) (0.009) 
Irrigation scheme within the 
community 0.302** 0.526*** 0.227* -0.043 

 (0.139) (0.119) (0.116) (0.030) 
Survey year = 2010 -0.790*** 0.040 0.275 -0.062 
 (0.229) (0.188) (0.219) (0.058) 
Survey year = 2011 -4.469*** 0.375 0.090 -0.037 
 (0.380) (0.296) (0.328) (0.082) 
Survey year = 2012 -1.267*** 0.055 0.296 -0.033 
 (0.224) (0.176) (0.202) (0.051) 
Survey year = 2013 -0.501** 0.767*** 0.490* -0.105* 
 (0.249) (0.214) (0.252) (0.060) 
Survey year = 2015 -0.260 -0.263 1.027*** -0.181** 
 (0.306) (0.329) (0.331) (0.079) 
Survey year = 2016 -0.325 0.689*** 0.830*** -0.076 
 (0.253) (0.218) (0.257) (0.060) 
Constant 0.719** -2.590*** -0.829** 0.048 
 (0.355) (0.353) (0.375) (0.091) 
Observations 16 560 16 560 16 560 16 560 
R-squared 0.240 0.0851 0.140 0.470 

Source: Authors’ own elaboration. 
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Annex	5.	 Impact	of	free	food	on	climate-adaptive	agricultural	
practices	at	country	level	(Robustness	check	I)	

The first robustness check aims to relax the concerns related to the pooling of cross-country 
data in a harmonized dataset by re-estimating the baseline model in every country. If the 
baseline specification results (see Table 7) are robust to the pooling of cross-country database, 
the absence of country fixed effects is expected to be reflected only in the magnitude of the 
estimated coefficients while their sign and statistical significance are expected to be 
unchanged. It is worth highlighting that, to ensure the correctness of this exercise, the 
identification strategy (main results are reported in Figure A1) and the output estimation have 
been re-estimated for every country. Table A5 reports the average marginal effect for each 
practice and country pair. The empirical results strongly support the robustness of the results 
from the baseline specification to the pooling of cross-country data. In fact, the sign of the 
estimated coefficient and their statistical significance (except for livestock in the United 
Republic of Tanzania that turns to be slightly above the statistical significance threshold) 
always remains unchanged. Moreover, the coefficient variation supports the adoption of an 
empirical strategy allowing for the inclusion of country fixed effect to ensure a fair comparison 
across countries. 

Figure A2. Density of treatment probability by treatment status before and after the 
balancing (single countries) 

Ethiopia 
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Malawi 

 

United Republic of Tanzania 

 
Source: Authors’ own elaboration. 
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Table A5. Average marginal effects of free aid participation on climate-adaptive 
agricultural practices adoption on a single country 

 Soil and water 
conservation 

Legume 
intercropping 

Organic fertilizer Livestock 

Coeff. P-Value Coeff. P-Value Coeff. P-Value Coeff. P-Value 
Ethiopia 0.083*** 0.00 -0.054** 0.02 -0.126*** 0.00 -0.020 0.62 
Malawi 0.052* 0.09 0.047* 0.08 0.076** 0.01 0.002 0.92 
United 
Republic of 
Tanzania 

0.024 0.33 0.053* 0.09 0.012 0.60 0.059 0.12 

Note: The significance levels are *** p<.01, ** p<.05, * p<.1. 
Source: Authors’ own elaboration. 
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Annex	6.	 Impact	of	free	food	on	climate-adaptive	agricultural	
practices	with	random	effects	(Robustness	check	II)	

The second robustness check aims to relax the concerns related to having neglected the panel 
structure of the data. A preliminary consideration is that the year-fixed effects have already 
been included in the vector of variables used for identification purposes. This is expected to 
prevent the possibility that the same household, observed in two different waves, is included 
simultaneously in the treatment and the control groups. Given the empirical strategy of this 
analysis (Inverse Probability Weighting IPW) and the characteristics of our panel (high number 
of households [N=4 338] and small number of observations within each group [T=3]), the 
inclusion of a within-group fixed effects is not feasible because of the well-known incidental 
parameter problem. Furthermore, considering that the within-group variation through a DiD 
approach is limited by the fact that it would entail three additional interactions which would 
complicate the results interpretation and increase the concerns related to the multicollinearity 
of the regressors. Moreover, such an empirical strategy is further jeopardized by the fact that 
households could have received the food aid for the first time in different years making difficult 
the identification of a baseline.  

The identification of a baseline would be either not computational feasible or would require to 
further restrict the sample to the households who have not received the food aid at the chosen 
baseline and have been treated during the subsequent waves. In the latter case, a limited 
number of observations alongside the sample selection introduced by substantially restricting 
the sample would make the robustness check incorrect. Given that, the only feasible (although 
computational demanding) strategy to consider the within-household variance component and 
test its statistical significance consists in including a random effect term into the model. If the 
results from the main model (Table A2) are robust to having neglected the panel structure of 
the data, those obtained considering the within household correlation would be fairly 
unchanged. Moreover, the square root of the estimated variance (the random effect parameter) 
is expected to be close to 0 and the inter-cluster correlation (representing how much of the 
residual variance is explained by such a random term). Table A6 reports the complete results 
from this exercise highlighting that the estimated coefficients and their statistical significance 
are substantially unchanged (till the third decimal point) relatively to the main model. These 
findings highlight that the random effect error parameter is very close to zero as well as the 
residual interclass correlation.12 Overall, this analysis supports the robustness of the results 
obtained from the main model specification, which is more parsimonious and computationally 
efficient. 

  

 
12 Note that the calculation of the interclass residual correlation is not possible for the linear model used when the 
dependent variable is LVSTK. 
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Table A6. Complete results from estimating the impact of food aid on the adoption of 
climate-adaptive agricultural practices including household random effects 

Variables Soil water 
conservation 

Legume 
intercropping 

Organic 
fertilizer Livestock 

Dummy food aid programme = 1 0.328 -0.446* -0.758*** 0.052 
 (0.209) (0.235) (0.147) (0.043) 
country = 2, Malawi -0.739*** 1.549*** -1.510*** -0.545*** 
 (0.200) (0.197) (0.215) (0.057) 
country = 3, United Republic 
of Tanzania -2.258*** 1.884*** -1.168*** -0.342*** 

 (0.270) (0.239) (0.270) (0.067) 
1.FF#2.country -0.102 0.697*** 1.181*** -0.029 
 (0.251) (0.268) (0.213) (0.047) 
1.FF#3.country -0.151 0.681** 0.810*** 0.047 
 (0.299) (0.270) (0.233) (0.060) 
The HH does non-farm activity (any) 0.070 0.098 -0.087 -0.076*** 
 (0.110) (0.094) (0.106) (0.025) 
HH size -0.030 -0.007 -0.003 0.056*** 
 (0.019) (0.016) (0.019) (0.005) 
HH head is female -0.087 -0.014 -0.055 -0.016 
 (0.124) (0.109) (0.121) (0.026) 
HH head age -0.001 -0.002 0.003 0.001 
 (0.003) (0.003) (0.003) (0.001) 
HH head level of education 0.020 -0.028** 0.025 0.009*** 
 (0.016) (0.014) (0.017) (0.003) 
HH received credit 0.233* 0.269** 0.310*** -0.075*** 
 (0.122) (0.112) (0.118) (0.024) 
Agricultural Wealth Index (normal.) 0.923** 0.221 1.759*** 1.559*** 
 (0.397) (0.366) (0.375) (0.137) 
Log of plot area (GPS measured) 0.357*** -0.047 0.112 0.206*** 
 (0.104) (0.081) (0.087) (0.029) 
Log of distance to main road -0.048 0.176*** -0.078* 0.011 
 (0.051) (0.042) (0.046) (0.010) 
Log of distance to weekly market 0.012 0.056 -0.066* 0.031*** 
 (0.039) (0.036) (0.036) (0.009) 
Extension service in the community 0.327*** 0.052 0.468*** -0.033 
 (0.114) (0.108) (0.117) (0.032) 
Irrigation scheme in the community 0.224 0.509*** 0.155 -0.040 
 (0.139) (0.119) (0.116) (0.030) 
Prob. of anomalous dry conditions 0.020*** 0.009 0.023*** -0.000 
 (0.008) (0.006) (0.007) (0.002) 
Prob. of extreme dry conditions  -0.007 -0.011 -0.048*** -0.004 
 (0.017) (0.010) (0.012) (0.003) 
Probability of drought -0.089*** 0.013 -0.087*** -0.015*** 
 (0.026) (0.019) (0.025) (0.005) 
Survey year = 2010 -0.826*** 0.046 0.318 -0.067 
 (0.225) (0.188) (0.224) (0.058) 
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Variables Soil water 
conservation 

Legume 
intercropping 

Organic 
fertilizer Livestock 

Survey year = 2011 -4.320*** 0.394 0.221 -0.005 
 (0.368) (0.296) (0.330) (0.083) 
Survey year = 2012 -1.304*** 0.058 0.344* -0.045 
 (0.224) (0.178) (0.208) (0.052) 
Survey year = 2013 -0.577** 0.749*** 0.481* -0.108* 
 (0.248) (0.213) (0.255) (0.060) 
Survey year = 2015 -0.220 -0.260 1.144*** -0.171** 
 (0.311) (0.327) (0.330) (0.078) 
Survey year = 2016 -0.389 0.669*** 0.904*** -0.079 
 (0.252) (0.217) (0.260) (0.059) 
Constant 0.496 -2.957*** -0.965** 0.163* 
 (0.394) (0.366) (0.418) (0.092) 
Observations 16 560 16 560 16 560 16 560 
Number of groups 6 792 6 792 6 792 6 792 
Log-Likelihood -230.627 -270.981 -250.487 -370.138 
Random effect error parameter 3.13e-18 9.49e-18 3.46e-18 2.94e-18 
Residual intra-cluster correlation 2.98e-36 2.74e-35 3.64e-36 – 

Source: Authors’ own elaboration. 
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