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Abstract As extremeweather events intensify due to climate change, it becomes ever more critical
to understand how vulnerable households are to these events and the mechanisms households can
rely on to minimize losses effectively. This paper analyzes the impacts of the floods that occurred
during the 2014/15 growing season in Malawi, using a two-period panel data set. The results show
that maize yields and value of production per capita were lower for all households, particularly for
those located inmoderate and severe flood areas. However, drops in food consumption expenditures
were less dramatic, and calories per capita were higher. Only the food consumption score, which is a
measure of dietary diversity, was significantly lower, particularly for households located in areas of
severe flooding. Although access to social safety nets increased food consumption outcomes,
particularly for those located in areas of moderate flooding, the proportion of households with
access to certain safety net programs was lower in 2015 compared with 2013. The latter finding
suggests that linking these programs more closely to disaster relief efforts could substantially
improve welfare outcomes during and after a natural disaster. Finally, potential risk-coping strate-
gies, proxied by access to off-farm income sources, having financial accounts, and social networks,
were generally ineffective in mitigating the negative impacts of the floods.
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Introduction

Rural households in developing countries rely on rain-fed farming as a significant source of
income. In the sub-Saharan African context, the average share of rural household income origi-
nating from agriculture can be up to 69% (Davis et al. 2017). As of 2013, only 3.4% of cultivated
land was irrigated, representing an increase of just a 0.1 percentage point since 1993 (FAO 2016).
Smallholders are clearly vulnerable to crop losses due to extremeweather events, whose frequency,
intensity and duration has been increasing over the past decades (Ummenhofer and Meehl 2017).
Further, climate scientists are providing new links between the increase in extreme events and
climate change (Alexander 2016; Ummenhofer et al. 2015; Cai et al. 2014; IPCC 2012;). This
suggests that farmers are likely to suffer more frequent and severe crop losses in the future.

There is a dearth of evidence of the impact of extreme events on household-level outcomes,
precisely because extreme events are relatively rare and the scheduling of household survey
data collection activities are generally anchored in other needs. As such, the availability of
micro data after an extreme event typically happens by chance. There is some evidence of the
impacts of extreme events on crop yields, but very limited evidence on impacts on household
welfare, such as food consumption and dietary quality. Additionally, there is limited evidence
on the mechanisms that farm household members rely on to buffer large losses in crop harvest
when they – and many of their neighbors – are hit by an extreme weather shock. This is
precisely the type of information needed to better inform disaster risk management strategies,
to develop and implement effective climate change adaptation strategies, and to optimally
integrate disaster risk management with adaptation efforts.

During the 2014/15 growing season in Malawi, severe flooding affected large numbers of
farmers across the country. An assessment undertaken by the United Nations Disaster Assess-
ment and Coordination unit (UNDAC) estimated that over a million people were directly
affected by the floods, with over 200,000 displaced and over 100 killed (UNDAC 2015).
Consistent with the global and regional evidence on the increased frequency and severity of
extreme weather events, evidence from Malawi also suggests that the frequency of both flood
and drought events is increasing, and likely to increase further still with climate change
(Venalainen et al. 2016; Chinsinga 2012). Farmers are particularly vulnerable to weather shocks
in Malawi, where landholdings are very small and irrigation is near non-existent (Asfaw et al.
2016; Frenken 2005). Crop revenues per family member are correspondingly small, and rural
poverty rates remain stubbornly high at 57% (World Bank 2016; Ricker-Gilbert et al. 2014).

In this paper, we estimate the impacts of these flood events on household welfare outcomes
in the period following the floods, including the impacts on food consumption expenditures,
caloric intake, and the food consumption score. The latter is a measure of dietary quality
developed by the World Food Programme that is based on dietary diversity (World Food
Programme 2008). Further, we are interested in determining which factors helped households
minimize the negative impact of floods on welfare; we focus particularly on potential household
risk-coping strategies as well as access to social safety nets. Our analysis relies on a multi-topic,
panel household survey that was implemented by the Malawi National Statistical Office in
November–December 2015, and that tracked and re-interviewed 590 households in Southern
Malawi that had previously been interviewed by the national Integrated Household Panel
Survey (IHPS) in 2010 and 2013 under the World Bank Living Standards Measurement
Study-Integrated Surveys on Agriculture (LSMS-ISA) initiative. Our ability to link all available
rounds of household survey data to publicly available geospatial biophysical and agro-climatic
data created a unique opportunity to study the impact of a natural disaster.
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The paper contributes to the literature in three main ways. First, it provides direct evidence
of the impact of a severe weather event on household food consumption measures using a
panel data set, and is one of a very limited number of studies to do so. Second, we evaluate the
impacts of flood events on a range of consumption measures; doing so enables us to highlight
that the primary impact of the floods was to reduce the quality of the food consumption basket
rather than quantity consumed per se. This result has important policy implications; increasing
the accessibility to a wider range of food groups in response to natural disasters can signifi-
cantly increase dietary quality. Third, we are able to document the importance of three social
safety net programs – direct food aid, school feeding programs1, and Malawi Social Action
Fund (MASAF) assistance for work – with implications for how such programs may be made
more effective in responding to natural disasters in the future.

The results show that while crop production was much lower overall, and particularly for
those located in moderate and severe floods areas, drops in food consumption expenditures were
less dramatic, and calories even increased. However, food consumption scores were significantly
lower for households located in both moderate and severe floods areas. At the same time, while
the floods did lead to lower food consumption outcomes for some households, many were able
to shield consumption outcomes from production losses. Access to social safety nets increased
food consumption outcomes, particularly for those in moderate flood areas. However, we note
that the proportion of households with access to certain safety net programs declined in 2015
versus 2013, suggesting that linking these programs more closely to disaster relief efforts could
substantially improve welfare outcomes during and after a natural disaster. Finally, risk-coping
variables, including financial accounts, access to off-farm income sources, and adult children
living away from home, were generally not effective inmitigating negative impacts of the floods.

Literature Review

The primary impact of weather shocks on rural households’ welfare is through impacts on crop
production. Due to data limitations, only a limited number of studies have attempted to uncover the
impacts of extremeweather events on crop production at the household level.Michler et al. (2016),
using panel data from Zimbabwe, find that extreme weather events have significant negative
impacts on crop yields; descriptive statistics show that average yields in extremely low rainfall
years were about 34% lower than in normal years. Similarly, Wineman et al. (2017), using panel
data fromKenya, find that extremely low rainfall conditions result in a 29%decrease in the value of
crop production per adult equivalent.2 Estimates of flood impacts on crop production, and in
particular those that are based on panel data sets, are more scarce. Del Ninno et al. (2001), using
cross-sectional data collected after the large-scale 1998 floods in Bangladesh, document crop losses
of 42 to 62% for the flood-affected households, with many households losing their entire harvest.

Several studies attempt to estimate the impacts of extreme weather on a range of household
welfare outcomes, most often those that are linked to consumption. Wineman et al. (2017) find

1 The specific programs captured under Bschool feeding programs^ were the School Feeding Programme, free
distribution of Likuni Phala to children and mothers, and supplemental feeding for malnourished children at a
nutritional rehabilitation unit. The most frequent of these three is by far the School Feeding Programme.
2 Fafchamps et al. (1998) use panel data collected in six villages in Burkina Faso, where the sampled villages
experienced at least two years of extremely low rainfall compared with the long-term average. The authors find
the expected negative impacts of low rainfall on the value of crop production, though the authors do not report
the size of these impacts.
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that very low rainfall lowered income per adult equivalent per day by 18.3%. And while
calories per adult equivalent per day were not affected on the whole, the share originating from
own crop and livestock production was lower, and the share of purchased calories was higher
as a result of the low rainfall shock. Del Ninno et al. (2001) show that though overall food
expenditures were not affected by flood intensity, expenditures on calorie-dense foods fell, as
did calorie consumption per capita for most flood-affected household categories, except for the
most severely hit. The authors hypothesize that food aid may have helped households in the
most severely-hit areas to maintain caloric intake.

Other studies estimate a 5 to 19% drop in consumption expenditures subsequent to a
weather shock (Arouri et al. 2015 in Vietnam; Baez et al. 2016 in Guatemala; Christiaensen
and Dercon 2007; Dercon et al. 2005 in Ethiopia). Premand and Vakis (2010) document that
households in Nicaragua that experienced a drought over three years were 10% more likely to
remain impoverished four years later, while Reardon and Taylor (1996) show that the poverty
rates in the Sudanian zone of Burkina Faso, and in the drier Sahelian zone were 12 to 15, and 2
to 19 percentage points higher, respectively, after the 1984–85 droughts.

There are numerous mechanisms that households can rely on to reduce the impact of shocks
when they do occur. A key finding in the literature is that protection through these mechanisms
against disasters is never more than partial, as consumption shortfalls remain high when faced
with extreme shocks (Baez and Mason 2008; Dercon 2005; Alderman and Paxson 1994).3

The main coping mechanisms identified in the literature include household risk-coping
measures such as selling livestock and other productive assets, and reducing food consumption
and/or dietary diversity (del Ninno et al. 2001; Kazianga and Udry 2006). The latter mecha-
nisms are potentially Bharmful^ in the sense that relying on them may lead to lower income in
the medium-long term (Heltberg et al. 2015; Hoddinott and Kinsey 2001). Households may
also draw on coping mechanisms that are less likely to compromise future income, such as re-
allocating labor off-farm, relying on transfers from friends and family, and/or accessing credit
(Heltberg et al. 2015; Kochar 1995; Dercon 2002).

The empirical evidence provides a mixed picture on which of these household risk-coping
strategies are more effective, suggesting that efficacy of various strategies is context-specific.
For instance, Wineman et al. (2017) show that off-farm income fell in response to low rainfall
shocks, and, therefore, was not effective in mitigating lower crop incomes. Del Ninno et al.
(2001) find that participation in the labor market for day laborers fell initially after the floods,
and was still below self-reported pre-flood levels 6 months later, in addition to lower wages as
described above. On the other hand, Gröger and Zylberberg (2016) document that internal
migration for wage work was effective in securing remittances to help cope with the effects of
a typhoon in Vietnam, while Arouri et al. (2015) demonstrate that internal migration enabled
households to better cope with natural disasters in Vietnam. There is mixed evidence on the
role of livestock to smooth consumption4, and more consistent positive evidence for credit5,

3 Natural disasters of all kinds can push the near poor into poverty (De la Fuente and Dercon 2008). A
comparative study on mobility into and out of poverty in 15 countries of Africa, South Asia, East Asia and
Latin America with about 9000 household interviews found that natural disasters (along with health adversities
and death) were the second most important reason why people became poor (Narayan et al. 2009).
4 For instance, Kazianga and Udry (2006) and Wineman et al. (2017) find limited or no role for livestock as a
risk-coping mechanism, but Miura et al. (2016) and Lybbert et al. (2004) find that livestock sales can offset crop
losses, at least for households with larger herds to start with.
5 See, for instance, Wineman et al. (2017) and Arouri et al. (2015).
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but livestock ownership is quite limited in Malawi, outside of chickens, and credit is extremely
thin, so we do not include these variables in our analysis.

Additionally, food assistance and cash transfers following a disaster can help households
cope by protecting consumption, boosting caloric intake, and potentially avoiding sales of
productive assets. Yamano et al. (2005) demonstrate that food aid offset the increase in child
(0.5 to 2 years old) malnutrition following drought-induced harvest failure in Ethiopia between
1995 and 1996. By contrast, in the absence of food aid, a 10% increase in crop damage
reduced children’s growth by 0.12 cm (1.8%). Also in Ethiopia, households that were affected
by the drought in 2007 and that received transfers from the Productive Safety Net Programme
(PSNP)6 consumed 30% more calories than the non-beneficiaries (World Bank 2010). De la
Fuente et al. (2017) observe that participant households in the conditional cash transfer
program Progresa in Mexico displayed higher food consumption between 1998 and 2003,
even in the presence of drought and flood shocks. Yet other work has found that assistance is
often too small and infrequent to play a major role (Gilligan et al. 2008 in Ethiopia; Ahmed
et al. 2009 in Bangladesh), or may be ineffectively allocated due to political reasons or errors
in targeting (del Ninno and Lundberg 2002 in Bangladesh; Jayne et al. 2002 in Ethiopia;
Reardon et al. 1988 in Burkina Faso; Francken et al. 2009 in Madagascar).

In summary, the empirical evidence suggests that households subject to extreme weather
events often suffer large losses in agricultural income. The impact on consumption and calories
tends to be lower than the impact on crop income but still significant, indicating that
households are not able to perfectly smooth consumption. Nonetheless, households can
mitigate negative impacts via household risk-coping strategies, such as re-allocating labor
and accessing transfers from friends and relatives. Additionally, greater access to a number of
institutions enables households to cope with the impacts of extreme weather, including access
to social safety net programs.

Data

Our analysis uses data from the Malawi Flood Impact Assessment Survey (FIAS), which was
conducted by the National Statistical Office (NSO) in November–December 2015.7 FIAS
attempted to track 590 rural households who had previously been surveyed by the Malawi
Integrated Household Panel Survey (IHPS) in 2013.8,9 Since FIAS builds on a high-quality

6 For details on the PSNP see Country Spotlight 4. Ethiopia: Deaths from Droughts or Derg?
7 FIAS 2015 was implemented with technical support from the World Bank Living Standards Measurement
Study (LSMS), the World Bank Poverty and Equity Global Practice, and LEAD Analytics, and with the World
Bank funding from the Global Facility for Disaster Reduction and Recovery (GFDRR), the Disaster Risk
Financing and Insurance team, the Finance and Markets Global Practice, and the Global Solutions Group on
Managing Risks within the Poverty and Equity Global Practice.
8 IHPS was implemented by the NSO, with financial and technical support from the World Bank Living
Standards Measurement Study – Integrated Surveys on Agriculture (LSMS-ISA) program. In 2013, the IHPS
was implemented from April to December 2013, with the objective of tracking and resurveying 3246 households
across 204 enumeration areas (EAs). The anonymized, unit-record data and documentation from the IHPS 2013
can be accessed through www.worldbank.org/lsms.
9 FIAS was implemented on a computer-assisted personal interviewing (CAPI) platform that was designed using
the World Bank Survey Solutions CAPI software (www.worldbank.org/capi). The FIAS CAPI experience was a
key input into the design and implementation of the Fourth Integrated Household Survey (IHS4) and Panel
Subcomponent later in 2016/17, also using a Survey Solutions-powered CAPI platform.
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panel household survey infrastructure that was in place prior to the 2014/15 floods, we have
two pre-flood data points, coupled with one data point in the post-flood period.

The identification of the target sample of 590 rural FIAS households was driven by several
factors. The financial arrangements for the FIAS fieldwork implementation did not permit the
preparations to take place prior to August 2015. Once there was clarity around the survey
implementation, the budget constraints, together with the research team’s desire to maximize
inter-annual comparability (i.e. IHPS 2013 versus FIAS 2015) of the timing of the household
interviews, led the research team to focus on the IHPS sub-sample that had been interviewed in
the time frame of August–December 2013, and that were residing either in a Southern region
district or Ntcheu, a Central region district that borders the Southern region and that was the
most adversely-affected Central region district during the 2014/15 floods. The target house-
holds that moved in their entirety to other districts between the IHPS 2013 and the FIAS 2015
interview were also tracked – a crucial design decision to fully understand flood impacts. The
final FIAS sample size was 558 households, representing an impressive attrition rate of 5.3%
with respect to the target sample.

FIAS survey instruments were modeled after the multi-topic Household Questionnaire and
the Agriculture Questionnaire that had been used for the IHPS 2013. Similar to the IHPS and
the IHS3 practice, all FIAS household locations were geo-referenced in order to link the
household survey data with publicly available geospatial biophysical and agro-climatic data.
The resulting data set has extensive information on agricultural production and productivity;
household consumption and expenditures; household caloric intake; as well as risk-coping
mechanisms. Bringing in household location-specific geospatial variables, we are also able to
compute objective measures of household exposure to flooding, as detailed below.

Descriptive Statistics

Flood Events, Production and Consumption Outcomes

First, we use the National Oceanic and Atmospheric Administration (NOAA) ARC2 rainfall
estimate data covering the period 1983–2015, and generate the percent difference in flowering
season rainfall in the relevant cropping period and long-term mean flowering season rainfall.10

Figure 1 depicts the kernel densities of the percent deviation of the 2012/13 flowering season
rainfall, and the 2014/15 flowering season rainfall from historical average flowering season
rainfall. All household locations in the sample experienced rainfall over the historical average
in 2015, and the mean rainfall difference was over 55%, well above the 14.4%mean difference
observed in 2013.

The percent difference measure can capture both above and below rainfall yields, so we use
the absolute percent difference to capture negative impacts of both high and low rainfall (low
rainfall was only experienced in 2012/2013). The measure captures the difference from
expected rainfall, and is, thus, expected to have a negative impact on crop production, and
possibly on other income-generating activities such as informal employment in the agricultural
sector, in both years. The rainfall difference measure alone is not likely to adequately capture
the severity of flooding, since severity is also related to geological and topographical features
in addition to rainfall, such as distance to rivers, elevation, etc. (Merz et al. 2007). To better

10 We calculate the flowering season rainfall as the cumulative rainfall over the last dekad in December through
the third dekad in January.
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capture the degree of flooding, we match the household location data to the mean flood
intensity measure generated from University of Maryland’s flood simulation model; flood
intensity is the estimated water depth above a flood threshold (Wu et al. 2014)11. The flood
intensity measure is at a rather coarse resolution, of .125 arc degrees, or approximately 14 km2

in Malawi. To obtain a more precise estimate of the severity of flooding to which households
were exposed, we consider two household-specific variables that are expected to be highly
correlated with the severity of flooding at a given location, namely elevation at the household
GPS location at 90 m resolution12, and distance from household GPS location to the nearest
river (Merz et al. 2007; National Research Council 2015). We subsequently perform a
principal component analysis (PCA) of the mean flood intensity, elevation and distance to
nearest river, and compute an index of the extent of flooding. As shown in Table 1, the PCA
scores are higher for those areas with a lower mean flood intensity, further from a river, and
higher in elevation. We multiply the resulting index by −1 for more intuitive interpretation as a
measure of flood severity. Thus, a higher score is associated with higher mean flood intensity,
closer to a river, and lower in elevation.

We use the flood index to generate three flood categories, namely low, moderate and severe.
These categories correspond to the terciles of the flood index. While analyzing the impacts of
floods on crop production is not the focus of this paper, we expect that the primary impact of
floods on household welfare measures of interest is through the impact on crop production. As
shown in Table 2, maize yields and value of production per capita were lower across all
categories in 2015 versus 2013. The percent declines in maize yields were significantly higher
for those located in the moderate and severe flood areas vis-à-vis those located in the low flood
areas. Value of production per capita was significantly lower for those located in severe and
moderate areas versus those located in low flood areas. As shown in the descriptive statistics in
Table 5, this is in part because households located in severe flood areas had greater landhold-
ings per capita, indicating the importance of including that variable as a control variable in our
consumption analysis.

11 Wu et al. (2014) provide details of the simulation model, which combines a land surface model with river
tracing/water flow model, using satellite-based precipitation data.
12 The description can be found at: https://lta.cr.usgs.gov/srtmgl3.html.

Fig. 1 Kernel density of rainfall deviation, 2013 and 2015
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To further test whether the flood intensity and flood category variables are significant
predictors of value of crop production per hectare, Table 3 below gives correlated random
effects panel regression results with cluster standard errors for flood impacts from two
specifications – one using the flood index and the other using the flood categories13. As can
be seen, all coefficients are negative and significant in both specifications. To get an idea of
the magnitudes, we note that, all else equal, households in the moderate flood category
received 23% lower value of crop production per capita vis-à-vis those in the low flood
category, while those in the severe flood category faced 42% lower value of crop produc-
tion per capita. These estimated reductions are consistent with estimates found in the
literature reviewed above.

Consumption Outcomes

Using the three flood categories, we can look at the descriptive statistics on food expenditures
per capita, caloric intake per capita, and the Food Consumption Score (FCS). The Food
Consumption Score (FCS) is a standardized composite score that brings together information
on dietary diversity, food frequency, and the relative nutritional importance of different food
groups (WFP 2008). The indicator was developed by the World Food Programme (WFP) and
is calculated using a module specifically designed to capture the required information built into
the FIAS and the IHPS questionnaires.

Food expenditures per capita include direct cash outlays for food, as well as the value of
food consumed from own production and from in-kind food gifts or transfers, such as the value
of meals provided to school children.14 In order to compare expenditures over time, we convert
all unit values to 2015 real values, adjusting for the difference in inflation between the
household’s interview month in 2013 and 2015 using publicly available NSO consumer price
index data for rural households, and differentiating between food and non-food inflation.
Figure 2 shows that mean food expenditures per capita were significantly lower in 2015 versus
2013 for households located in all three flood categories. Additionally, applying the
Kolmogorov-Smirnov equality of distributions test shows that all three flood category distri-
butions have shifted significantly to the left from 2013 to 2015.15

Turning next to calories per capita, Fig. 3 illustrates that mean calories per capita in fact
increased over time for households in all three categories, though the increase is only
significant for those located in severe flood areas. There are a few potential explanations as
to why total real expenditures fell but calories increased in 2015 versus 2013. The primary
reason is that the real unit values for many food items fell over the period. The Malawi
economy suffered from high inflation in 2013, resulting from the currency devaluation in

13 Full regression reports for value of production per capita are reported in the online appendix, table A1.
14 Value of food consumption per capita is perhaps a more accurate way to describe the variable; however, we
retain food expenditures per capita since it is more widely used in the literature.
15 The p-values for the Kolmogorov-Smirnov tests are (.114) for the low flood, (.003) for the moderate flood, and
(.029) for the severe flood categories.

Table 1 Principal component factor analysis scores for flood affectedness index computation

Mean flood intensity −0.775
Distance to any river (km) 0.544
Elevation (m) 0.679
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May 201216. As shown in Table 4, the real unit values fell for all food categories, including for
the two most important calorie sources, refined and unrefined maize flour. And, households
shifted consumption towards the cheaper unrefined maize flour. Thus, even though calories per
capita were higher in 2015, lower real unit values and the shift to cheaper maize flour led to
lower overall food expenditures per capita in 2015. In particular, total calories from the two
types of maize flour and other grains rose from just over 1600 cal per person per day to close to
1900, a statistically significant increase.

The shift towards maize and other grains is consistent with the large decreases in the food
consumption score for households located in all three categories in 2015 versus 2013, as
shown in Fig. 4. Although the reductions are significant across the board, the drop is
particularly marked for households located in the moderate and severe flood areas. Thus,
while households could maintain calories, dietary diversity suffered as food expenditures per
capita fell.

Rainfall, Flood Index, and Coefficient of Variation of Rainfall

In our regressions, we use the percent difference of absolute flowering season rainfall from the
long-term mean, which captures the potential impact of deviations from expected rainfall in both
years, 2013 and 2015. We complement this variable with the dichotomous variables for moderate
and severe flood categories, low flood being the omitted category.17 The regressions also control for
a long-term measure of rainfall variability, the coefficient of variation of flowering season rainfall,
calculated over the period of 1983–2015. It has long been recognized that farmers subject to riskier
climates are more likely to grow lower-yielding but more stable crops, use fewer purchased inputs,
and invest less in land (Hardaker et al. 2004; Hazell 1992; Hurley 2010 and references cited
therein). Additionally, McCarthy and Kilic (2015) provide empirical evidence that this long-term

16 Another potential explanation is that food aid deliveries kept the market prices of maize flour in check. The
WFP Malawi country office provided us with district-level data on food aid deliveries over the period January –
July 2015. The simple correlation coefficient between calories of food aid delivered and unrefined maize flower
prices in 2015 is significant but fairly low, at −.22. In many districts, households fell into all three flood
categories, meaning that the food aid delivery data may be too coarse to adequately capture local market price
effects. We believe being able to document the impact of food aid deliveries on local prices may show important
indirect impacts on consumption, and would hope that such data will be made available on a more disaggregated
scale in the future.
17 We considered using in our regressions the flood affectedness PCA index itself, in addition to the dichotomous
variables for the flood categories. The index did not perform as well as the dichotomous variables, particularly
when we included the interaction terms with our social safety net variables. As our results highlight, the
interaction terms indicate that impacts on consumption outcomes are inconsistent with a linear specification of
flood intensity.

Table 2 Maize yield and value of crop production per capita, 2013 vs. 2015

Flood category 2013 2015 Test of mean differences Percent declines
(p-value)

Low Maize yield 1451 976 0.000 33%
Value of crop production per capita 28,176 15,593 0.000 45%

Moderate Maize yield 1180 689 0.000 42%
Value of crop production per capita 24,672 11,755 0.000 52%

Severe Maize yield 941 465 0.000 51%
Value of crop production per capita 19,668 10,114 0.000 49%
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measure of risk has a significant negative impact on maize yields inMalawi. Thus, we hypothesize
that the coefficient of variation of growing season rainfall will have a negative impact on crop
productivity, with subsequent negative impacts on household consumption outcomes.

Household Demographics and Wealth

Household demographic controls include the number of adult equivalents; the dependency ratio
calculated as the number of householdmembers below 15 years old and over 60 years old divided
by the number of members between 15 and 60 years old; the natural logarithm of the age of the
household head; and a dichotomous variable capturing whether the household head is female.We
expect that larger households will have higher values of crop production, while the dependency
ratio may reduce time allocated to productive versus domestic activities. Older household heads
may have higher crop production due to greater experience, and potentially to more dense
information networks., and female-headed households may experience lower on and off-farm
income, duemainly to social norms that can limit their ability to access resources in general and in
times of crises (Kilic et al. 2015; Aguilar et al. 2015). We use the maximum number of years of
education completed by any member in the household to capture productivity and income-
generating capacity, anchored in the evidence on positive intra-household spillovers stemming
from individual educational attainment (Mussa 2014; Basu et al. 2001). Lastly, we include three
measures of household wealth, namely (1) a PCA index of household consumer durables and
dwelling attributes18; (2) the total number of agricultural implements19, and (3) the total land-
holdings per capita. Greater household wealth is expected to exert a positive effect on welfare
outcomes, both directly and indirectly through crop production.

Risk Management Strategies

The regressions include several independent variables to capture households’ ability to
manage farming risks ex ante. Risk management strategies include Bsustainable land
management^ (SLM) techniques that are hypothesized to lead to more stable yields and
thus to more stable crop incomes, specifically the dichotomous variables for whether the
household has terraces and drainage ditches; bunds to control erosion; bunds for water

18 The index is based on (i) the dichotomous variables for whether the household has any bed, table, chair, or
other living room furniture; any of fan, air conditioner, clock or solar panel; any of radio or tape/CD/DVD player;
any of sewing machine, washing machine, iron; any of TV, VCR, computer, satellite dish, or generator; any
mobile phone., and (ii) the dichotomous variables for whether the household’s dwelling has improved walls;
improved roof; improved floor; improved lighting fuel; electrification; access to an improved drinking water
source; access to an improved latrine; insecticide treated .bed nets. The number of dwelling rooms per capita is
also included in the index.
19 The implements include hand hoes, slashers, axes, knapsack sprayers, panga knives, and sickles.

Table 3 Value of production per capita, natural logs

Coefficient Coefficient

Flood Index −0.343 ***
Moderate Flood, dummy −0.438 **
Severe Flood, dummy −0.857 ***

* p < 0.10, ** p < 0.05, *** p < 0.01
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harvesting; and any plots intercropped with legumes. Both types of bunds are included in
the analysis, as water harvesting structures may be expected to perform differently, and
potentially worse, than those constructed to prevent erosion in the face of flood events, as
described in McCarthy et al. (2017).

Risk Coping Strategies and Interaction Terms

Risk coping strategies are captured by the following controls: a dichotomous variable captur-
ing whether any household member has any type of account at a financial institution20; the
number of adult children living away from home; and three measures of labor diversification,
namely a dichotomous variable for whether any household member was receiving formal
wages, a dichotomous variable whether any household member was self-employed, and the
number of household member days engaged in ganyu (informal/casual) labor. Households
with savings accounts would have greater coping capacity, as would those with more adult
children living away from home since adult children’s income is not expected to be perfectly
correlated with the household’s own. The ability to diversify labor off one’s own farm in
response to a weather shock should also increase coping capacity.

Without doubt, the ability to access multiple sources of income from work or from one’s
social network can increase households’ income generating capacity in good years as well as
bad years. In order to test whether these sources actually provided ex-post risk coping, the
regressions include the interaction of each variable with each of the dichotomous flood-
affectedness variables.

Finally, we have information on whether the household benefited from three different types
of social safety nets, namely direct food assistance; school feeding programs targeted at
children; and participation in the Malawi Social Action Fund (MASAF) public works pro-
gram. These mechanisms should enable households to cope with floods; and we include
interaction terms to determine if they are indeed relatively more important to households who
were more affected by the floods.

20 Financial institutions include any of banks, credit unions, micro finance institutions, post offices, village
savings organizations, or another financial institution.

Fig. 2 Food expenditures over time by flood-affectedness
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While we concede that these variables may be subject to endogeneity bias, we do not have
good instruments for the full set of potential risk coping mechanisms. We discuss the evidence
for endogeneity and the robustness of results in BEmpirical Strategy^ section, which details our
estimation strategy.

Location Characteristics/Location Characteristics

In addition to household-level variables, the regressions control for community/location
characteristics expected to impact household welfare, including district fixed effects; house-
hold EA-location specific unrefined maize flour price; and an access index, which is a proxy
for the relative ease of transportation and access to infrastructure, services and markets. All
else equal, we expect that greater access will increase engagement with markets and lower
barriers to information, leading to greater ability to (i) generate larger and more diversified
incomes, and (ii) cope with shocks. Another independent variable is the district population
density, which is expected to perform similarly to the access index – higher population density
should lead to greater opportunity to cope with shocks. We consider two additional district-
level controls that proxy for the level of government engagement in agriculture. The first is the
number of 50 kg bags of fertilizer sold in the district per capita under the Farm Input Subsidy
Program (FISP). More subsidized fertilizer should increase crop productivity in a district. The
second is the proportion of households in the district that received any extension advice,
constructed from our household survey data.21 We expect greater access to extension advice to
lead to more productive and climate-resilient farming.

Descriptive Statistics

Table 5 provides the descriptive statistics for the explanatory variables used in the analysis, for
2013, and then by flood category for 2015. Of key interest are the potential risk-coping

21 In cases where we had very few FIAS households in a district due to households moving between survey
rounds, households were matched to their district from the previous round. There were 25 households that moved
to districts that had 5 or fewer surveyed households located in the new district. We ran the regressions dropping
these households; results are nearly identical in terms of signs and significance of coefficients, and thus we
include the full sample in our analysis. These results are available upon request.

Fig. 3 Calories per capita over time by flood affectedness
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strategies and the social safety nets. First, we note that ganyu labor market participation and
earnings increased substantially from 2013 to 2015, but that there is no significant difference
by flood category in 2015. Participation in self-employment also increased significantly
between years, but again we see no significant difference between flood category in 2015.
We do see that those in severe flood areas were relatively less likely to have a member with
formal wage employment. This relationship was the same in 2013, and overall, there is no
significant change between years in incidence of wage employment. There are no other
significant differences between flood category in 2015 in terms of risk coping strategies.

With respect to the social safety nets, we note that there was an increase in the number of
households with children having access to school feeding over time for all three categories, but
a decrease in the number of households accessing food aid or engaging in the MASAF

Fig. 4 Food consumption score over time by flood affectedness

Table 4 Real caloric unit values, daily calories per capita, real annual expenditures per capita, by food group

Food group 2013 2015

Real caloric
unit value
(2015 MWK)

Daily
calories
per capita

Real annual
expenditures per
capita (2015 MWK)

Real caloric
unit value
(2015 MWK)

Daily
calories
per capita

Real annual
expenditures
per capita
(2015 MWK)

Unrefined
maize flour

57 942 18,859 51 1277 20,087

Refined maize
flour

69 478 11,615 49 328 5684

Other grains 177 206 11,050 144 251 10,340
Roots &

Tubers
217 100 6110 185 68 3755

Nuts & Pulses 167 235 12,110 160 212 10,344
Fruit & Veg 762 58 13,961 413 133 15,988
Meat, Fish &

Dairy
963 83 27,708 475 113 18,792

Fat & Oil 200 74 4953 146 107 4297
Sugar 303 118 7252 189 89 5419
Miscellaneous 500 84 11,448 424 85 9892
Total 143 2379 125,134 109 2662 104,635

EconDisCliCha (2018) 2:237–258 249



program. While the overall number of households with access to food aid decreased, house-
holds located in severe flood areas were significantly more likely to receive food aid than those

Table 5 Descriptive statistics

2013 2015

Low Moderate Severe

(n = 558) (n = 186) (n = 186) (n = 186)

Mean Std.
Dev.

Mean Std.
Dev.

Mean Std.
Dev.

Mean Std.
Dev.

Dependent variables
Value food consump. p.c.

(MWK/1000)
115.6 94.7 115.4 92.3 85.2 68.6 90.4 68.8

Daily calorie consumption p.c. 2373 1444 2850 1552 2449 1705 2666 1537
Food Consumption Score, Weighted 54.3 17.8 48.7 19.7 43.0 18.6 43.0 18.3
Value of crop production p.c.

(MWK/1000)
24.2 29.6 15.6 16.2 11.8 16.2 10.1 13.8

Rainfall and flood categories
|% Diff from Mean Rainfall| 0.15 0.09 0.53 0.16 0.54 0.12 0.58 0.11
2015 Moderate Flood 0 0 0 0 1 0 0 0
2015 Severe Flood 0 0 0 0 0 0 1 0

Household demographics
Adult equivalents 4.24 1.83 4.20 1.86 4.36 1.91 4.42 1.98
Dependency ratio 1.34 1.00 1.39 1.10 1.37 1.10 1.46 1.10
HH highest years of education 8.72 3.85 9.22 4.14 8.90 3.72 8.72 3.71
Age of HH Head (years) 43.73 16.85 44.38 16.37 45.91 17.32 46.81 16.86
HH Head is female 0.32 0.47 0.32 0.47 0.38 0.49 0.31 0.46

Wealth
HH wealth index 0.21 0.18 0.26 0.20 0.21 0.17 0.18 0.14
Ag asset index 0.21 0.17 0.17 0.14 0.17 0.17 0.18 0.17
Land Holdings per Person
(ha/pers.)

0.13 0.15 0.13 0.14 0.14 0.15 0.18 0.23

Risk management techniques
Terraces/drainage ditches 0.07 0.25 0.19 0.39 0.19 0.40 0.12 0.32
Bunds, erosion control 0.37 0.48 0.36 0.48 0.22 0.42 0.24 0.43
Bunds, water harvesting 0.05 0.22 0.07 0.26 0.05 0.23 0.05 0.22
Intercropped with legumes 0.60 0.49 0.54 0.50 0.45 0.50 0.43 0.50

Potential risk coping strategies
Financial account 0.27 0.44 0.37 0.48 0.29 0.46 0.29 0.46
Self-employed 0.30 0.46 0.39 0.49 0.45 0.50 0.39 0.49
Wages 0.22 0.41 0.30 0.46 0.23 0.42 0.14 0.35
N of days, informal labor 37.85 62.32 43.93 76.77 52.58 89.77 54.38 82.03
N adult children, left home 1.11 1.90 0.97 1.84 1.02 1.64 1.11 1.90

Social safety net
Food Aid 0.18 0.38 0.05 0.22 0.12 0.32 0.29 0.46
School Feeding 0.23 0.42 0.30 0.46 0.33 0.47 0.31 0.46
MASAF 0.15 0.36 0.12 0.32 0.08 0.26 0.13 0.34

Community/Location Characteristics
EA Access Index 0.83 0.52 1.06 0.83 0.89 0.93 0.62 0.50
Population Density (100
persons/km2)

2.01 0.83 2.85 3.56 2.55 3.18 1.65 0.55

Total deliveries of fertilizer / 1000 7.01 2.31 7.90 1.95 6.90 2.07 5.25 2.36
Prop. of HH in District, ext. advice 0.56 0.13 0.67 0.09 0.65 0.10 0.68 0.14
EA Mean Price, Unrefined Maize/
100

1.95 0.36 1.73 0.29 1.74 0.35 1.73 0.23
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in moderate and low flood areas, and those in moderate flood areas were significantly more
likely to receive food aid than those in low flood areas. Also, if we combine food aid to the
household and to the children via school feeding programs, we see that the incidence of receiving
any food aid increased significantly from 27.5 to 39.4% of households, a 43% increase.

Empirical Strategy

We have a balanced, two-period panel data set, and three outcomes of interest, namely the
logarithmic transformations of real household annual food consumption expenditures per capita
and household caloric intake per capita, and the household food consumption score. These
outcomes are denoted as Y for household i at time t (2013, 2015) in the following linear regression:

Y it ¼ αit þ βFi15 þ γRFit þ ∂RCit þ δ Fi15*RCitð Þ þ θSNit þ μ Fi15*SNitð Þ þ ωRMit

þ πHit þ σCit þ τTit þ φMi þ εit ð1Þ
where F is a vector of dichotomous variables capturing households’moderate and severe flood
status in 2015, as defined above, with households in low flood areas excluded as the reference
category; RF is the percent difference of absolute flowering season rainfall from the long-term
mean; RC and SN are vectors of household-level risk coping strategies and social safety nets,
respectively, which are interacted with the vector F; RM is a vector of household-level risk
management strategies;H is a vector of controls on household demographics and wealth;C is a
vector of household EA- or district-location specific control variables; T is the time fixed effect

– i.e. a dichotomous variable that is equal to 1 for the survey year 2015; M is a vector of
household-level inter-annual averages for the set of explanatory variables inH,RC, SN, andRF
with inter-annual variation greater than 4%; and ε and α are the error term and the constant,
respectively. The variables included in the vectorsH, RM, RC and SN, and C have been noted
above in BRisk Management Strategies^, BRisk Coping Strategies and Interaction Terms^,
BCommunity/Location Characteristics^, and BDescriptive Statistics^ sections, respectively.
This panel regression is estimated with random effects, and the inclusion of the vector

M transforms it into a correlated random effects model, and enables us to still control for
time-invariant household-level unobserved heterogeneity that may otherwise jointly predict the
outcomes and explanatory variables of interest.22 The standard errors are clustered at the EA-
level.

Finally, we can test the extent to which losses in value of crop production per capita drove
consumption outcomes. On the one hand, most of our households grew at least one crop, and

22 With standard errors clustered at the EA-level, following each estimation of Eq. 1 with an alternative
dependent variable, we test whether the household-level inter-annual averages included in the vector X are
jointly statistically significant. This is known as the Mundlak (1978) test, and in each instance, as reported in the
online appendix table A3, we find that the coefficients are not jointly statistically significant in the food
expenditures per capita and food consumption score equations, providing support for the use of the correlated
random effects model instead of the fixed effects estimation. The joint test for calories per capita gives a p-value
very close to .1 (.097). The results from the fixed effects estimations, i.e. the estimations of Eq. 1 with household-
level fixed effects but net of the vector M, are provided in the online appendix table A4, which highlights the
similarities with respect to the findings from the correlated random effects models, even for the calorie per capita
equation. Finally, we performed a number of robustness checks, including, among others, omission of insignif-
icant variables and exclusion of variables with relatively high correlations with household wealth. The results
were very robust to these sensitivity analyses, which are available upon request.
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we have shown that the floods had significant negative impacts on the value of crop production
per capita. Thus, we expect that lower crop production would lead to lower consumption
outcomes, all else equal. At the same time, households do have risk-coping strategies as well
as access to safety nets that can limit the impact of floods on consumption outcomes. To
determine the extent of transmission from production to consumption, we thus estimate the
direct effect of changes in real household value of crop production per capita on the same set of
dependent variables. To do so, we address the endogeneity of real household value of crop
production per capita through the use of a linear instrumental variable (IV) regression, which
involves the joint estimation of two equations:

CPit ¼ α1it þ β1Zit þ ∂1RCit þ θ1SNit þ π1Hit þ σ1Cit þ τ1Tit þ φ1Mi þ ε1it ð2Þ

Y it ¼ α2it þ β2
cCPit þ ∂2RCit þ θ2SNit þ π2Hit þ σ2Cit þ τ2Tit þ φ2Mi þ ε2it ð3Þ

where Eqs. 2 and 3 are the first and the second stage regressions, respectively; and CP is the
logarithmic transformation of real household value of crop production per capita. The subscripts
1 and 2 are used to denote the comparable vector of coefficients across the first and the second
stage regressions. The variables included in the vectors RC, SN, H, C and T are identical to
those included in Eq. 1. The vector M in Eqs. 2 and 3 includes inter-annual household-level
averages of the variables included in the vectorsRC, SN, andH. Equation 2 includes the vector
Z of identifying instrumental variables (IVs) that are assumed to affect the food consumption
outcomes of interest only through their effects on the real household value of crop production
per capita, known as the exclusion restriction. Drawing from the results of a value of crop
production per capita regression, we selected a number of candidate IVs. The IVs chosen
include the moderate and severe flood dummies, the coefficient of variation of flowering season
rainfall over the period 1983–2015, and the total number of weedings performed by the
household during the agricultural season. The predicted values of CP, denoted as ĈP, that are
obtained from Eq. 2 are in turn fed into Eq. 3 to recover the coefficient of interest β2.

As will be shown in the subsequent section, the predictive power of the IVs is sufficiently
large to avoid weak instrumental variable bias, and the results from the Hansen’s J tests
provide additional support for the exclusion restriction. While the latter is only suggestive of
the orthogonality of the IVs to the error term (i.e. instrumental validity), it is not contested that
the impacts of extreme weather effects on rural households’ welfare in primarily rain-fed
smallholder production systems are expected to be manifesting through their impacts on the
farm, and controlling for time-invariant household-level unobserved heterogeneity as well as
an extensive set of time-varying controls clamp down on the possibility that our IVs would
affect the welfare outcomes of interest over and above their direct impacts on crop production.

Results

Table 6 presents the selected results from the estimations of Eq. 123. Looking first at the rainfall
and flood category dummies, we note that the deviation from expected rainfall has significant
negative impacts on all consumption outcomes, whereas the additional impact from themoderate

23 The full regression results are reported in the online appendix table A2. All dependent variables are in natural
logarithms.
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and severe flood dummies is a further reduction in food consumption scores. The negative
i8mpact of deviation from expected rainfall across all consumption outcomes indicates
that households are not able to self-insure and maintain consumption when rainfall
differs from expectations, even for rainfall events that are not extreme. Deviations
from expectations can have direct negative impacts on consumption outcomes if
resources are committed to various income-generating activities before rainfall is
realized, and/or when re-allocating resources is costly.

The results of the impact of rainfall and flood category dummies are distinct from impacts
on the value of crop production per capita, where the flood dummies have large negative
impacts but the deviation from expected rainfall is not significant. As discussed above, one
way to cope with a production shock is to alter the consumption basket, even though this can
be a costly coping strategy. Our results indicate that severity of flooding led to an additional
shift towards less diverse food consumption for households located in areas that experienced
moderate and severe floods, but not necessarily to additional impacts on calories or food
expenditures per capita.

Table 6 Selected correlated random effects regression results

Food Cons. per capita, 2015
MWK, logs

Calories per
capita, logs

Consumption
Score

Time 0.122 0.524 *** 0.710
Rainfall and Flood Variables

|% Diff from Mean Rainfall| −0.647 *** −1.166 *** −17.119 ***
2015 Moderate Flood −0.220 ** −0.170 −5.090 *
2015 Severe Flood 0.004 0.076 −5.728 **

Potential Risk Coping Strategies
Financial Account 0.077 0.040 2.459
Self-employed 0.162 *** 0.058 2.975
Wages 0.072 0.044 2.297
N of days, informal labor 0.041 0.027 −0.352
N adult children, left home 0.002 0.008 0.301

Flood * Risk Coping
Social Safety Net

Food Aid 0.079 0.010 −0.932
School Feeding −0.139 ** −0.092 −2.650
MASAF 0.148 ** 0.111 3.672 *

Flood * Social Safety Net
Moderate*Food Aid 0.015 0.052 2.086
Severe * Food Aid 0.038 0.099 5.606 *
Moderate*School Feeding 0.225 *** 0.219 ** 8.551 ***
Severe *School Feeding 0.055 0.006 2.961
Moderate*MASAF 0.342 ** 0.394 *** 3.530
Severe *MASAF 0.001 0.012 −2.880

Household Demographics & Wealth Yes Yes Yes
Risk Management Practices Yes Yes Yes
Community/Location Characteristics Yes Yes Yes
Mean Across Time Correlated Random

Effects Model
Yes Yes Yes ***

Constant 12.059 *** 13.845 *** 76.554 ***
Number of Observations 1116 1116 1116
R-squared (within) 0.311 0.216 0.285
R-squared (between) 0.611 0.405 0.495
R-squared (overall) 0.527 0.334 0.420

* p < 0.10, ** p < 0.05, *** p < 0.01
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Looking at other potential household-level risk-coping strategies, we note that only self-
employed income has a positive impact on food expenditures but has no impact on calories
consumed or the food consumption score. Regarding risk coping strategies interacted with the
flood categories, we note that only one of the coefficients on the 12 interaction terms was
statistically significant in the three consumption outcome equations, so we do not include these
variables in Table 6. This result is interesting in and of itself; potential risk coping strategies
simply were generally ineffective in mitigating negative impact of suffering from moderate
and severe floods. At the same time, the result is also consistent with responses to questions
asked in the Bhouseholds shocks^ sub-module of the questionnaire. One-third of the house-
holds that reported a significant shock from experiencing floods or erratic rains noted that they
Bdid not do anything^ in response. Another 23% mentioned changing their consumption
habits; 21% reported that they received support from family members and friends; and only
7% in total noted selling assets or livestock, accessing credit, or migrating for work.

Turning to the direct impact of social safety nets, we note that receiving food assistance had
no impact on any of our food consumption measures. Households with access to the school
feeding program had lower food expenditures, indicating that households disproportionately
reduced the value of food provided at home. However, this substitution towards cheaper foods
at home did not lead to significant reductions in calories per capita or the food consumption
score. Finally, the direct impact of access to MASAF work led to increased food expenditures
and higher food consumption scores.

Finally, our interaction terms show that having access to food assistance increased food
consumption scores for households located in severe flood areas vis-à-vis those located in low
flood areas. On the other hand, access to school feeding led to improvements in all three of our
consumption measures, but only for those found in moderate flood areas. Similarly, access to
MASAF led to higher food expenditures and calories consumed, but only for those in
moderate flood areas.

Overall, the evidence suggests that only food aid was an important safety net for households
in severe flood areas, whereas access to school feeding and MASAF generally led to improved
consumption outcomes for those located in moderate flood areas. At the same time, it is worth
noting that the proportion of households with access to food aid and MASAF decreased
between 2013 and 2015. Access to school feeding increased between 2013 and 2015, but
access to school feeding only improved outcomes for those in moderate flood areas. While
safety nets do improve consumption outcomes, there appears to be ample room to improve the
reach of these programs into areas that suffer severeweather events, particularly food assistance.

In Table 7, we present the results from the IV estimations, in which we instrument for the
logarithmic transformation of real household value of crop production per capita. We present
only the results for the instruments in the first stage, and the value of crop production per capita
in the second stage.24 We note that the number of observations does not match in Tables 6 and
7 due to the necessary exclusion of households that did not produce any crops in 2015 from the
analysis. Our instruments are strong, with Angrist-Pischke F-statistics over 27. In addition, the
p-values associated with the Hansen’s J statistics stand at 0.11 in the food expenditures
equation, and at 0.49 in the food consumption score equation, in support of the exclusion
restriction.25 From the second stage results, we note that the coefficient on the value of crop

24 The full set of results from the IV regressions are found in the online appendix table A5.
25 The IV estimations are net of the analysis of log calories per capita, since at 10% statistical significance, we
reject the null hypothesis that the IVs are orthogonal to the error term.
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production per capita is statistically significant and positive in the food expenditures equation.
However, the estimated elasticity is just 10%, implying relatively limited transmission from
production to consumption. In line with this finding, Darko et al. (2018) report that, all else
being equal, a 1% increase in maize yields in Malawi leads only to an estimated 0.13%
increase in consumption per capita. In our analysis, higher values of crop production per capita
are also estimated to lead to higher food consumption scores. At variable means, the marginal
effect of value of crop production per capita is equivalent to a 20% increase in the food
consumption score.

Concluding Comments

The floods that occurred during the 2014/15 growing season in Malawi had significant and
large impacts on maize yields and value of crop production per capita. Households located in
severe flood areas faced maize yield and value of crop production per capita reductions of
approximately 50%, and even households located in the low and moderate areas faced lower
crop production. Nonetheless, additional impacts of flood dummies on food expenditures per
capita were less pronounced, and even more so for calories consumed per capita. The flood
dummies did have an additional negative impact on food consumption scores, leading to 20%
lower scores for those in medium-affected areas, and 25% lower scores in high-affected areas.
Overall, then, the primary impact was to reduce the quality of the food consumption basket
rather than quantity per se. These results are also in line with the empirical evidence discussed
in the literature review. For instance, Michler et al. (2016) and Wineman et al. (2017) find
reductions in crop production of 34% and 29%, respectively, for areas suffering from droughts,
while Del Ninno et al. (2001) find crop losses between 42 and 62% for households suffering
from floods. At the same time, both Wineman et al. (2017) and Del Ninno et al. (2001) find
significant, though more muted, impacts on consumption outcomes, similar to the results
reported here.

Table 7 Selected instrumental variable regression results

First Stage Second Stage First Stage Second Stage
Value of crop
production per
capita, logs

Value of food
consumption per
capita, logs

Value of crop
production per
capita, logs

Food
Consumption
Score

Instruments
2015 Moderate Flood −0.247 ** −0.239 *
2015 Severe Flood −0.589 *** −0.579 ***
Coef. Variation
Rainfall

−0.379 −0.329

N Weedings
Performed

0.192 *** 0.194 ***

Value of Production
per capita

0.101 * 4.469 ***

Number of
Observations

1016 1016 1016 1016

R-squared (overall) 0.369 0.458 0.298 0.298
Angrist-Pischke F
statistic

27.48 27.57

Hansen’s J p-value 0.113 0.490

* p < 0.10, ** p < 0.05, *** p < 0.01
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Additionally, we find that all three of our consumption outcomes are negatively affected by
deviations from expected rainfall. This result suggests that households are ill-equipped to cope
with even modest deviations from expectations. One reason may well be that it impossible or
too costly to re-allocate resources when after such deviations are realized. Combined with the
results on crop production per capita, the result also suggests that deviations from expectations
is likely to have negative impacts on re-allocating resources to a wide range of potential
income-generating, consistent with the lack of significant results on most of our risk coping
variables.

On the other hand, a number of social safety net programs did help households maintain
food quantity and quality, particularly for those located in moderate flood areas. In severe flood
areas, only access to food aid was effective, but access to MASAF and school feeding
programs were not. On the whole, the evidence suggests a great deal of scope for aligning
different social safety net programs with disaster risk management and emergency food aid
programs to achieve better consumption outcomes after extreme rainfall events that cause large
crop production losses, particularly for those located in the worst hit areas.

Finally, our results contribute to a very limited body of research of the impacts of extreme
weather events on household consumption outcomes, and the factors that enable households to
mitigate negative impacts of rainfall shocks on consumption outcomes. More research is
needed on access to safety nets in particular, and how these programs operate both in Bnormal^
years as well as years characterized by extreme weather. Additional work is needed on
identifying whether and which mechanisms can help smallholders re-allocate resources when
rainfall deviates from expectations.
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