
Berger, Julius

Working Paper

Risky environment: How extreme weather conditions in
Nigeria lead to harvest failure

ifo Working Paper, No. 412

Provided in Cooperation with:
Ifo Institute – Leibniz Institute for Economic Research at the University of Munich

Suggested Citation: Berger, Julius (2024) : Risky environment: How extreme weather conditions
in Nigeria lead to harvest failure, ifo Working Paper, No. 412, ifo Institute - Leibniz Institute for
Economic Research at the University of Munich, Munich

This Version is available at:
https://hdl.handle.net/10419/302618

Standard-Nutzungsbedingungen:

Die Dokumente auf EconStor dürfen zu eigenen wissenschaftlichen
Zwecken und zum Privatgebrauch gespeichert und kopiert werden.

Sie dürfen die Dokumente nicht für öffentliche oder kommerzielle
Zwecke vervielfältigen, öffentlich ausstellen, öffentlich zugänglich
machen, vertreiben oder anderweitig nutzen.

Sofern die Verfasser die Dokumente unter Open-Content-Lizenzen
(insbesondere CC-Lizenzen) zur Verfügung gestellt haben sollten,
gelten abweichend von diesen Nutzungsbedingungen die in der dort
genannten Lizenz gewährten Nutzungsrechte.

Terms of use:

Documents in EconStor may be saved and copied for your personal
and scholarly purposes.

You are not to copy documents for public or commercial purposes, to
exhibit the documents publicly, to make them publicly available on the
internet, or to distribute or otherwise use the documents in public.

If the documents have been made available under an Open Content
Licence (especially Creative Commons Licences), you may exercise
further usage rights as specified in the indicated licence.

https://www.econstor.eu/
https://www.zbw.eu/
http://www.zbw.eu/
https://hdl.handle.net/10419/302618
https://www.econstor.eu/
https://www.leibniz-gemeinschaft.de/


Risky Environment: 
How Extreme Weather 
Conditions in Nigeria  
Lead to Harvest Failure
Julius Berger

August 2024

412
2024



Imprint:

ifo Working Papers 
Publisher and distributor: ifo Institute – Leibniz Institute for Economic Research at the 
University of Munich 
Poschingerstr. 5, 81679 Munich, Germany 
Telephone + 49(0)89 9224 0, Telefax +49(0)89 985369, email ifo@ifo.de 
www.ifo.de

An electronic version of the paper may be downloaded from the ifo website 
www.ifo.de



Risky Environment: How Extreme Weather
Conditions in Nigeria Lead to Harvest Failure

Julius Berger†∗

2nd August, 2024

Abstract

This paper investigates the relationship between extreme weather conditions and

the risk of flooding-induced harvest failure in Nigerian agriculture using a probit

model. I use household-level survey and gridded weather data to exploit weather

variation across time and space. Risk of harvest failure increases for agricultural

households with more extreme weather conditions. The effect is especially pro-

nounced for a subsample of households in high-risk areas. Overall, extreme weather

conditions more than double the risk of flooding-induced harvest failure. Educa-

tional attainment acts as a resilience strategy by enabling individuals to shift into

other economic sectors and actively choose a less risky location of residence. Inter-

net access per se does not seem to have a significant impact.

Keywords: Flooding Risk, Nigeria, Agriculture, Resilience Strategy, Education,

Communication

JEL Codes: Q12, Q54, I25, D83, N57

†ifo Institute for Economic Research, Poschingerstr. 5, 81679 Munich, Germany
Email: berger@ifo.de

∗Acknowledgements: I would like to thank Tobias Geiger for his support in generating the Standard-
ized Precipitation Evapotranspiration Index from the underlying weather data. Furthermore, I extend
my gratitude to Suphi Sen, Markus Zimmer and Mathias Mier, which provided me with many helpful
comments. This paper was written as part of the project “Short- and Long-Term Impacts of Climate
Extremes” (SLICE), which is funded by the German Federal Ministry of Education and Research.

ifo Working Paper No. 412



1 Introduction

Floods are the most frequent natural disasters worldwide, affecting more than 2.8 billion

people over the past three decades (Pielke, 2013). They are also the most devastating

weather extreme, accounting for 80% of deaths and 70% of economic losses linked to

natural hazards with the agricultural sector affected in particular (Jacobsen et al., 2012).

Especially developing countries such as Nigeria suffer severely from extreme weather con-

ditions due to their geography and lack of appropriate resilience strategies (Dell et al.,

2012; Loayza et al., 2012).

Economic and health impacts of such extremes are well-studied (e.g. Dell et al.,

2012; Salvucci and Santos, 2020; Jacobsen et al., 2012). However, causes of flooding, the

involved risk structure, and the impact of an expected intensification of extreme weather

events due to climate change still need to be assessed (Auffhammer and Schlenker, 2014;

Adger et al., 2003). There is also a need to identify socio-economic groups bearing most

of the risk in order to develop effective resilience measures to protect them. This paper

investigates environmental effects by modeling the impact of extreme weather conditions

on the agricultural sector in Nigeria by quantifying the risk of harvest failure due to

flooding. It contributes to the growing literature on the effects of climate change on

households in developing countries.

The most immediate economic impact of climate disasters is seen in the agricultural

sector due to its ubiquity particularly in developing countries and its natural exposure

to such events (Auffhammer and Schlenker, 2014; Bosello et al., 2018). Agriculture usu-

ally makes up an above-average share of GDP and employment of 20-40% in developing

countries (Dell et al., 2012). Shocks to the agricultural sector are especially disastrous as

they affect both the farming households directly through harvest failures as well as non-

agricultural households indirectly via spillovers of food shortages and associated price

increases (Dell et al., 2014; Noy et al., 2019). The effect is particularly pronounced in

countries like Nigeria that are predominantly defined by subsistence farming.

Following the global trend, the most common of such climatic shocks in Nigeria are

extreme flooding events, having overtaken droughts in frequency and intensity over the

past decades (World Bank, 2023). Furthermore, the country is set to suffer most of all

African nations from harvest failures caused by natural hazards due to climate change

(Mendelsohn et al., 2000). Cervigni et al. (2013) estimate harvest losses of 20-30% for
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Nigeria until 2050 and Tiague (2023) finds a significant drop of 34% in the value of crop

production for households affected by flooding in a similar setting in Tanzania. Urama

et al. (2019) show that a major flooding event in Nigeria 2012 affected households rather

heterogeneously and highlight the need for effective adaptation strategies and resilience

building.

Auffhammer and Schlenker (2014) discuss already prevailing implicit adaptation to

climate change. Such adaptation is often focused on crop adjustments or changes in

land use (Dell et al., 2014). Del Ninno et al. (2001) and Blankespoor et al. (2010),

however, highlight the need for more explicit resilience measures from the institutional

level against individual extreme events. The literature identifies education (Mavhura et

al., 2013; Striessnig et al., 2013) and communication (Smith et al., 2018; Field et al.,

2012) as vital resilience measures. However, these analyses lack a quantification of the

potential these measures have in reducing the risk from natural disasters, which I address

in this paper.

Existing literature mostly evaluates isolated flood events and takes a retrospective

view on economic impacts (e.g. Noy et al., 2019; Del Ninno et al., 2001). By contrast, this

paper rather aims to provide a more general risk assessment in order to identify highly

threatened households. Recognising these at-risk groups facilitates the development of

more effective support efforts towards them in coping with the expected consequences

of climate change. In particular, targeted resilience policy can alleviate some of the

consequences by enabling individuals to take protective measures against them.

Using a micro-approach, this paper studies the risk associated with the ever increas-

ing occurence of flooding and its impact on the socio-economic development of agricul-

tural households in Nigeria. Furthermore, two potential resilience strategies, educational

attainment and access to communication, are explored in order to reach policy recom-

mendations to improve the robustness of developing countries against the ramifications

of future floods.

I measure weather extremes as short-term deviations from a long-term average. To

achieve this, I use the Standardized Precipitation Evapotranspiration Index (SPEI), which

is a well-established measure for such deviations in the literature (e.g. Muttarak and

Dimitrova, 2019; Azzarri and Signorelli, 2020). Its broad availability for most countries

worldwide and its flexibility towards various time frames make it very accessible for a
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variety of applications. I assess the impacts of flooding and potential resilience strategies

using a survey panel of Nigerian households with a focus on the agricultural sector between

2007 and 2016. The survey provides a broad range of household characteristics as well as

information on agricultural activities.

The identification strategy exploits the exogenous variation in extreme weather con-

ditions across time and space using a probit estimation model. The main hypothesis

evaluated in this paper assesses the causal relationship between weather volatility and

the risk of flooding-induced harvest failure. The analysis identifies the relevant time

frames of twelve and six months during which extreme weather conditions have the most

devastating effect. The careful definition of relevant subgroups of the population reveals

differing risk structures between households in agriculture and other sectors and identifies

high-risk groups. Overall, the risk of harvest failure due to flooding more than doubles

for years with extreme weather conditions, a result which is very robust across different

specifications.

I find the largest absolute effect for high-risk households. Subsequent resilience policy

strategies should therefore aim to protect these households in particular. Both, educa-

tional attainment and communication access are examined in their qualitative effect on

managing risk. The results show that education functions as a resilience strategy both by

enabling individuals to shift from agriculture into other economic sectors and by facilitat-

ing an informed choice of residence towards safer regions of the country. Internet access

per se as a vehicle for knowledge provision does not have a significant impact in making

households more resilient.

The remainder of this paper proceeds as follows. Section 2 describes the datasets

used for this study. While Section 3 spells out the methodology and empirical strategy

applied, Section 4 lays out the results and discusses implications. Section 5 concludes.

2 Data

The data used in this paper consist of two distinct datasets. Climatic developments are

approximated using weather variation data at specified grid coordinates. Data about the

meteorological impact and economic outcomes are taken from a survey panel conducted

on the household level in Nigeria. The weather and household data are matched by
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aggregating household location coordinates to the available grid resolution of weather

data. The corresponding datasets as well as the most relevant variables are discussed in

turn below. Variable definitions and summary statistics can be found in Table A.1 in the

Appendix.

2.1 Weather Data

2.1.1 Methods of Measurement for Weather and Climate

Methodologically, one of the challenges in the climate-economy literature is the rela-

tionship between climate and weather. While climate rather describes long-term trends,

weather constitutes short-term conditions that arise locally (Dell et al., 2014). Hsiang

(2016) argues for the use of weather data covering a large time frame in order to ap-

proximate climatic long-term trends. These long-term trends in turn provide the basis

for a comparison to short-term weather conditions or specific events. In the context of

climate analysis, weather changes matter not in the absolute sense but in proportion to

a region’s usual variation. This concept resulted in a recent shift from cross-sectional to

panel weather data to account for heterogeneity in impact sensitivity of different areas

(Dell et al., 2014). This shift furthermore enables the exploitation of specific variations

in temperature, precipitation and other relevant variables over time in measuring their

effect on economic outcomes.

Previously, the production function and the Ricardian approaches were the estima-

tion strategies predominantly used in the climate-economy literature with an agricultural

context (Deschênes and Greenstone, 2012; Guiteras, 2009). While the former is based on

the fact that the climate is beyond a farmer’s control and therefore exogenous, it does

not allow for adaptation over time as a response to it. The latter measures the effect of

weather variation on current hedonic land value in a cross-sectional dataset, therefore im-

plicitly capturing the potential for adaptation and most efficient use, but makes it difficult

to exclude confounding factors and attribute fluctuations to climatic events alone.

Taking these problems and the above mentioned features into account, Deschênes

and Greenstone (2012) propose a new year-to-year within-region fixed effects estimation

strategy using panel data. By evaluating presumably random short-term deviations of

precipitation and temperature from a long-term average for specific locations, they aim
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to rule out an impact of other confounding variables. This way weather can be interpreted

as an exogenous shock, while adaptation over the medium term is still possible.

2.1.2 Standardized Precipitation Evapotranspiration Index

To apply these ideas to the setting at hand, this paper relies on a dataset of relative

weather indices by Mistry (2019). The underlying temperature and precipitation data are

taken from the Global Land Data Assimilation System (GLDAS)1 by NASA, combining

satellite-based and ground station data. These data are available at a high resolution

of 0.25° x 0.25°2. Such so-called reanalysis data, interpolated from multiple sources us-

ing a climate model, are especially useful in the context of developing countries, where

comprehensive data from a single source are often unreliable or not available (Dell et al.,

2014).

The resulting dataset covers the period from 1970 to 2016. Weather trends can usually

be considered to reflect climatic variation when covering a time frame of roughly 30 to

40 years (Deschênes and Greenstone, 2012). The available period is therefore optimal as

a long-term baseline against which short-term variations can be evaluated. The weather

parameters are modelled into such an index variable measuring deviations from long-term

climate using the ClimPACT2 software package by Alexander and Herold (2016).

The relevant measure of weather variation that is used for this paper is the Standard-

ized Precipitation Evapotranspiration Index (SPEI) introduced and refined by Vicente-

Serrano et al. (2010) and McKee et al. (1993). The crucial advantage of the SPEI com-

pared to other potential measures is its multiscalar setup in modelling the climatic water

balance, which primarily incorporates both precipitation (potential ‘wetness’) and tem-

perature (potential evaporation and transpiration) data. The SPEI itself is designed to be

normally distributed and standardised to an average value of 0 with a standard deviation

of 1, making it comparable over time and space, always considering the specific local con-

ditions (WMO, 2012). Negative deviations from the long-term average can be interpreted

as a higher potential for drought, while positive deviations point towards flooding.

1The dataset combines the datasets GLDAS-2.0 (1970-2010) and GLDAS-2.1 (2000-2016), resulting
in a break in the time series in 2010. Extensive bias correction was conducted to ensure climatologial
consistency.

2This approximately corresponds to a 27 km x 27 km grid for Nigeria.
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SPEI data points are provided on a monthly basis in the format of time frame de-

viation per month. This means that the SPEI with a time frame of three months before

December (SPEI-3m-Dec) can be interpreted as the comparison of weather in this period,

October to December, of a given year with the same period of all years on record, i.e. the

period’s long-term average. For example, the SPEI-6m-Jun of 2016 indicates to what ex-

tent the weather during the first half of 2016 deviated from the average weather between

January and June of all years on record. Time frames available from Mistry (2019) are

3, 6, 12, 24, 36 and 48 months. The different versions of the SPEI can therefore be used

very flexibly and can be adjusted to specific needs.

Panel A of Figure 1 exemplarily shows the distribution of the SPEI measure for the

twelve months before December for the households and years in our sample. The fact that

it is roughly normally distributed confirms that the period of study is representative for

longer-time horizons. The shift of the mean to the right implies a slight deviation of the

weather observations between 2007 and 2016 from the long-term average to more (positive)

extreme values, which likely has its roots in climate change over the past decades.

Panel B of Figure 1 provides a first indication for the subsequent analysis. The SPEI-

12m-Dec is split up for household-years in which harvest failure happened. As expected,

the weather is slightly shifted towards positive values, i.e. is more extreme, in years with

harvest failure compared to years without such losses.

2.2 General Household Survey Panel

The Living Standards Measurement Study (LSMS) is a long-running project by the Na-

tional Bureau of Statistics (2020) that aims to provide researchers with household-level

data from countries worldwide. As part of the LSMS, in cooperation with the Nigerian

National Bureau of Statistics, the General Household Survey Panel (GHSP) is conducted

periodically in Nigeria. It focuses on households, their characteristics, welfare and espe-

cially agricultural activities. For this paper the study’s panel waves one to three covering

the years 2007 to 2016 are the most relevant.3 Wave four featured a new set of house-

3As there is an overlap of waves one and two for the years 2009 to 2011, only one of the available
observations is retained. The observations for 2009 and 2010 come from 2011’s wave one, as this is the
closer survey date. Observations for 2011 are from wave two, as wave one was conducted in early-2011
already, to cover potential events after the survey date.
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Figure 1: Distribution of SPEI-12m-Dec with the corresponding normal PDF both over-
all and grouped by household-years with or without harvest failure

holds, retaining only one third of the original sample. For this reason, these data are not

leveraged for the main analysis, but only for further evaluations and robustness checks.

The GHSP covers 5,000 households in total, two thirds of which reside in a rural and

one third in an urban environment. Some attrition of around 200 households per wave can

be observed, which does not alter the representative nature of the data (National Bureau

of Statistics, 2020). This is necessary to maintain external validity for the results. The

representativeness is achieved by carefully selecting households according to the national

and regional population structures. Households are interviewed twice for each wave,

with everyone’s interview dates being determined by the agricultural calendar. The first

interview is conducted during the post-planting period, mainly covering input and labour

questions. The second one is conducted post-harvest, mainly covering crops, harvesting

activities and economic outcomes related to the harvest cycle. General information about

the household and its members is retrieved in both instances. This setup of two interview

dates enables consistency checks and a broader scope of questions.

The crucial question in this dataset is "Has your household been affected by flooding

that caused harvest failure in the past years?". The binary reply whether such an economic

shock occured was recorded to the exact year. The location of households, which is

matched to the weather variables, is in close proximity to the respective agricultural plots
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(median distance of 0.8km). This ensures that weather shocks can be precisely linked to

affected plots and therefore households.

Clustered by household, shock and year, a number of auxiliary variables concern-

ing location, urban versus rural environments and geographical features are included.

Furthermore, to test for potential resilience strategies, the education and communica-

tion sections of the GHSP are utilised. In particular, datapoints for literacy, educational

attainment and internet access are included on the household level.

One potential source of endogeneity bias that should be noted concerns the difficulty

to reach certain households when they have been flooded. This would lead to an under-

estimation of the number of affected households. However, as the National Bureau of

Statistics (2020) points out, there was no significant hold-up due to such events.

3 Empirical Strategy

The main hypothesis evaluated in this paper states that the risk of harvest failure due

to flooding is driven by local weather volatility. The empirical analysis aims to quantify

the impact of varying weather conditions on agriculture, particularly in light of their

likely more frequent occurrence in the future due to climate change. The question to be

answered is whether such conditions account for the economic damage in the agricultural

sector of developing countries, exemplary in Nigeria, that was observed over the past

years.

The second hypothesis states that educational attainment constitutes a potential pol-

icy goal to increase resilience against the economic damages contingent on the risks of

flooding. More educated households are presumably capable of choosing their protections

against natural disasters more wisely by physically preserving their harvest using shelter-

ing methods. Alternatively, such households are able to identify and choose to relocate

to less risky territory or regions.

The third hypothesis states that the availability of communication and information

technology acts as a resilience strategy. In particular, access to the internet not only

functions as an early warning system, but also provides necessary information on how to

protect the harvest.
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The weather data used follow the approach of Deschênes and Greenstone (2012) and

Guiteras (2009), which evaluates short-term events relative to a long-term average. This

short-term year-to-year variation is assumed to be random and accordingly independent

of unobserved factors in agricultural outcomes. The high geographic resolution of the

underlying data facilitates a granular analysis of spatial weather variation, enabling the

isolation of the meteorological impact as the sole effect by filtering out other regional or

national shocks.

Harvest failures are identified using survey panel data covering individual households.

The self-reporting of the severity of crop losses and self-assessment of economic outcomes

has the advantage of facilitating a precise and individual analysis. Households can evaluate

more reliably to what extent they were hit than what would be feasible with aggregated

flooding data. The broad range of survey questions furthermore provides a basis for

various control variables. Econometric identification is achieved using the spatial and

temporal variation of weather conditions across 324 distinct locations in Nigeria over the

years 2007 to 2016.

To model the relationship between weather variation and harvest failure, while tak-

ing into account the binary nature of the outcome variable, this paper uses the probit

estimation method. While OLS provides similar results for the case at hand, which is in-

dicated in Section 4.1, it is only reliable for values close to the average of the sample. The

non-linear nature of the probability link function therefore requires a more sophisticated

binary response model.

3.1 Weather Deviation

The goal of the econometric analysis is twofold. Firstly, the effect of weather variation on

flooding-induced harvest failures is quantified. Multiple estimation strategies of choosing

the appropriate variables are outlined and discussed. Secondly, it is investigated whether

there is evidence for effective resilience strategies against such events that can point to-

wards sensible policy recommendations.

The estimation equation for evaluating the main hypothesis is

Pr(harvestfailure)it = β0 + β1 ∗ SPEIit + Xi + ϵ (1)
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The subscripts indicate variation by household (i = household identification number) and

year (t = 2007 to 2016). The outcome variable is the binary response to whether a given

household i experienced harvest failure due to flooding in each year t. It is transformed

into a probability measure using a probit estimation. Standard errors are clusterd on the

regional level on which the representative household sampling procedure took place to

make the results more robust.

As described in Section 2.1.2, weather variation is measured using the Standardized

Precipitation Evapotranspiration Index (SPEI). To precisely analyse the effect of weather

conditions within the Nigerian agricultural growing cycle, it is crucial to select an appro-

priate time frame for the Index. Nigeria has a tropical-warm climate with one main wet

season peaking between July and September (World Bank, 2023).

The most obvious time frame is twelve months in order to cover a whole year and

therefore the full growing cycle. The advantage of this measure is the inclusion of all

seasonal variation during a given year that affects the harvest. Consequently, the relevant

independent variable is SPEI-12m-Dec in this case (cf. Section 2.1.2).

A closer analysis of the yearly weather variation, however, reveals a core time frame of

about six months during which agricultural production predominantly takes place (Fig-

ure A.1). This is largely due to the lack of virtually any precipitation during the dry

season, which is especially dominant in the north of Nigeria. Accordingly, the agricul-

turally most important rainy period is between May and October (Figure A.2), which

supports using the SPEI-6m-Oct for the analysis to cover exactly these rainy months. Es-

pecially during these months, when flooding is a potential threat, the crops are vulnerable

to such disasters due to active cultivation.

Lastly, flash floods are a major concern and increasingly responsible for much of the

meteorological damage to households in developing countries. In order to capture these

very short-term shocks, the smallest possible time frame of three months is evaluated.

The advantage of this brief period is the potential identification of extensive but isolated

weather deviation events that might be averaged out in longer observation periods. As

this time frame cannot cover the whole growing cycle of all main crops, it is reasonable to

select a period when each of these crops is actively cultivated or harvested and flooding

consequently has the highest possible impact in terms of harvest failure across various
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crops and regions. According to Figure A.1, this applies best to the three months before

September (SPEI-3m-Sep).

The basic SPEI variable that was discussed above measures any deviation from the

usual weather. However, this paper is especially concerned with extreme weather con-

ditions. It might therefore be sensible to only include conditions that exceed a certain

threshold (cf. Bertoli et al., 2022). The standardised nature of SPEI makes it easy to

only consider weather anomalies that differ from the mean by more than one and a half

or two standard deviations. This would respectively consider the categories ‘very wet’

and ‘extremely wet’ described by WMO (2012), i.e. the top 6.7% and 2.3% of weather

conditions on the flooding spectrum. SPEIit as implemented in estimation equation (1)

can therefore be chosen according to the distinct application both on the dimension of

different time frames and the dimension of relative intensity.

Furthermore, variation in the individual degree of vulnerability of the 5,000 surveyed

households is likely. Some households might even face no threat of harvest failure due

to flooding whatsoever, e.g. if their occupation is not in agriculture. It is therefore

sensible to run the analysis only for households that have a general vulnerability to such

harvest failures. In a first step, non-agricultural households, as defined by the GHSP,

are excluded from the sample. This ensures the mere possibility to experience harvest

failure and results in a subsample of 3,299 agricultural households, around 66% of the full

sample.

An even stronger measure in this regard aims at households that are verifiably highly

vulnerable to flooding. The best predictor of such immediate vulnerability is whether a

household is ever hit by harvest failure due to flooding during the observed time frame.

While the period of analysis remains between 2007 and 2016 due to the restricted avail-

ability of weather data, the constructed potential vulnerability measure can utilise data

from the most recent fourth wave of the GHSP. The arising subsample covers 475 house-

holds, around 9% of the full sample, also including those that were only hit during the

years 2016 to 2019. These latter households are a natural control group, as they did not

experience a shock during the main period of analysis.

Additionally to the main variable of interest, a vector of control variables Xi is

included in the regression equation (1). Xi controls for household-specific effects that

stay constant over time. In particular, Urban is a dummy variable signaling whether
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the household’s location is in an urban or rural area; Slope indicates the incline of the

ground where the household is located; and HHdistpc measures the distance to the nearest

population center with at least 20,000 inhabitants. Additional time fixed effects are not

necessary for this analysis as they are implicitly contained in the SPEI measure.

3.2 Resilience Strategies

Having identified the channel through which weather volatility can potentially harm

households, this poses the question of how to counter such exposure. The second aim

of this paper is therefore the development of potential policy recommendations on how

to protect households from floods in order to make them more resilient against weather

extremes and future climate change implications. Resilience is defined as the building up

of human, economic or physical capital that serves the purpose of making households less

vulnerable to exogenous shocks and reducing the risk of an adverse economic impact.

Both presented strategies roughly follow the econometric setup used for the analysis

of weather variation in equation (1). The estimation uses the probit method as well as

the established variable indicating harvest failure due to flooding as an outcome measure.

This way, the impact of the proposed resilience strategies on the risk of economic damage

can be assessed directly in relation to the impact of weather variation. Additionally, the

results are comparable amongst different strategies.

3.2.1 Education

Education policy is generally seen as one of the most pivotal instruments for improv-

ing productivity, welfare and economic outcomes in developing countries (Patrinos and

Psacharopoulos, 2010). However, it might also have further positive side effects. Mavhura

et al. (2013) find that formal education is a necessary foundation for learning and applying

resilience measures to cope with natural disasters. They identify literacy rates as well as

the level of educational attainment as good explanatory proxy factors.

In order to replicate this analysis and apply it to the Nigerian setting, two household

variables are constructed. As an indicator of literacy is available for every individual in a

household, it is possible to derive the household’s average literacy rate. The higher this

rate, the more educated people live in the household. Consequently, this increases the

household’s potential to apply existing resilience measures.
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An alternative way to measure the level of education is by using the highest edu-

cational degree attained by any member of the household. The advantage of taking the

maximum value here is that individual household members that are still in school cannot

downward-bias the variable. A higher degree of education is hypothesised to indicate a

higher propensity to take up resilience measures against flooding damages.

Pr(harvestfailure)it = β0 + β1 ∗ educationit + Xi + ϵ (2)

While the two channels mentioned constitute a rather short-term advancement, education

might also enable resilience in the longer term via two different channels concerning the

choice of occupation and residence by the households. Firstly, given a higher education,

household members might be able to find work in other sectors or businesses, exiting

agriculture and making the household de facto completely resilient against harvest fail-

ure. Secondly, they might stay in the agricultural sector, but choose their specific living

location more carefully, avoiding areas that are prone to hazards such as river flood plains.

On a final note, in the context of education, there is potential for reverse causality.

While education can have the described positive channels, flooding can destroy school

buildings or prevent pupils from attending classes, leading to poor education outcomes.

However, an analysis of the available data shows that literacy rates are rather stable

and independent of flood events. There is furthermore ample evidence in the existing

literature that educational attainment has a significantly positive effect on individual

resilience (Striessnig et al., 2013).

3.2.2 Communication

Communication and information technology are considered to be some of the most defin-

ing factors of today’s economy. However, their marginal benefit is likely especially large

in developing countries, where the propagation of new technologies is only in the process

of catching up to the standards of industrialised nations. Still, the internet has quickly

become the most important source of information for individuals in developing coun-

tries, which supports the goal of improving resilience against natural disasters by quickly

spreading crucial information (Field et al., 2012).

According to Cervigni et al. (2013), the national government of Nigeria increasingly

relies on the digital distribution of knowledge, for example through the National Agri-
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cultural Research System or Agricultural Development Programs. The internet therefore

not only functions as an early warning system in the case of disaster, but also facilitates

individual research efforts towards the protection of harvest from floods.

Pr(harvestfailure)it = β0 + β1 ∗ internetit + Xi + ϵ (3)

For this analysis, internet access is measured on the household level per year. As only

around 40% of households in the representative GHSP sample had access to the internet in

2016, there is potentially large room for improvement. While there could be a confounding

effect of education or location of residence, a preliminary analysis of the data only finds

a weak relationship between these variables. Alternative forms of communication such as

mobile phones or radios could also be used for identification. However, the preliminary

analysis shows that they are too commonplace to provide meaningful insights.

4 Results and Discussion

This section brings the outlined empirical strategy to the data and provides an interpre-

tation of the results. Probit coefficients are parameters of the latent (underlying) model

and cannot be interpreted directly due to the underlying non-linear distribution function.

The marginal effect needs to be calculated for each coefficient at appropriate values. In

particular, the subsequent analysis uses the Average Marginal Effect (AME) to estimate

the average change in outcome probability.

4.1 Weather Deviation

The evaluation of the impact of weather variation on harvest failures follows three steps.

First, the basic probit model under the three identified time frames is presented. Second,

the role of relative intensity is examined using weather measures that are extreme events,

i.e. that are an applicable number of standard deviations away from the average. Third,

the effect is explored for different subsamples of the data.

4.1.1 Basic SPEI model

Table 1 reports the estimation results for the first step. The model considers the full

sample of households, agricultural and non-agricultural, to obtain a comprehensive picture
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of the situation representative for the whole country. While some of these households,

i.e. the non-agricultural ones, cannot experience harvest failure, this basic analysis serves

as an informative baseline scenario on which the remainder of the results is built. This

sample assumption is relaxed in the third part of this subsection in the analysis of relevant

subsamples.

Each of the three chosen time frames is shown in two columns, divided into the OLS

model results and the Average Marginal Effect AME of the probit model. All models fea-

ture the control variables layed out in Section 3.1. The number of observations, consisting

of households times the number of years, differ slightly due to attrition in the GHSP and

sporadically unavailable weather data.

Column (1) shows the OLS coefficients when harvest failure due to flooding is re-

gressed on the SPEI-12m-Dec measure and the control variables. All coefficients are

Table 1: OLS and probit estimation results of the basic SPEI models for different time
frames including household controls

12 months 6 months 3 months
(1) (2) (3) (4) (5) (6)

OLS AME OLS AME OLS AME
SPEI-12m-Dec 0.00369∗∗∗ 0.00332∗∗∗

(4.73) (5.00)
SPEI-6m-Oct 0.00271∗∗∗ 0.00238∗∗∗

(3.68) (3.66)
SPEI-3m-Sep 0.000795 0.000723

(1.38) (1.24)
Controls
Urban -0.00745∗∗∗ -0.0118∗∗∗ -0.00775∗∗∗ -0.0121∗∗∗ -0.00751∗∗∗ -0.0120∗∗∗

(-3.55) (-3.43) (-3.72) (-3.52) (-3.65) (-3.55)
Slope (percent) -0.000865∗∗ -0.00115∗ -0.000811∗∗ -0.00106∗ -0.000890∗∗ -0.00113∗

(-3.08) (-2.42) (-2.89) (-2.29) (-3.10) (-2.29)
HHdistpc 0.000235∗∗ 0.000155∗∗ 0.000221∗∗ 0.000146∗∗ 0.000235∗∗ 0.000164∗∗∗

(2.98) (3.16) (2.86) (3.02) (3.02) (3.32)
Constant 0.00979∗∗∗ 0.0116∗∗∗ 0.0119∗∗∗

(3.68) (4.53) (4.73)
Observations 47935 47935 48128 48128 47889 47889
t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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significant at the 0.1%-level. As argued in Section 3 and now confirmed quantitatively,

the results for OLS have a similar magnitude for central values of the sample as the probit

model’s AME.

The quantitative interpretation of the probit model is derived using the Average

Marginal Effect in column (2). The AME of SPEI-12m-Dec indicates that an infinitesimal

positive deviation of the weather in a given year from its long-term average, i.e. relatively

more precipitation, accounts for an on average 0.33% larger probability of harvest failure

due to flooding. A more intuitive interpretation, for example when the SPEI changes by

one unit, is not possible due to the non-linear nature of the underlying variable. This will

be elaborated on below.

The control variable Urban has a negative effect, indicating that households in a

city environment have a lower risk of harvest failure than those in rural areas, which is

plausible as urban households are less likely to be active in the agricultural sector. Slope

also has an expectedly negative effect. A steeper incline of the ground facilitates faster

drainage of precipitation to lower-lying areas. Lastly, HHdistpc is positively associated

with harvest failure as geographic remoteness likely entails worse infrastructure and less

outside support in case of devastating weather events.

The AME of SPEI-6m-Oct is about one third lower than the AME of SPEI-12m-Dec.

Weather variation in this shorter time frame can only account for an on average 0.24%

increase in the probability of harvest failure given the discussed infinitesimal change. This

points towards the proposition that flooding is promoted by adverse weather conditions

being present over a whole year and growing cycle rather than by shorter-term events

during the main agricultural season only. The even smaller and insignificant effect for the

AME of SPEI-3m-Sep, which measures the impact of sudden extreme weather volatility,

supports this argument. Flash floods are seemingly not as relevant for harvest failures as

full seasonal variations. The SPEI-3m-Sep is therefore omitted in the subsequent analysis.

A robustness check for the other direction, evaluating the SPEI-24m-Dec, also returns

lower and less robust marginal effects. This highlights the SPEI-12m-Dec and SPEI-6m-

Oct as a good compromise between very long time frames that might average out relevant

short-term weather events and very brief time frames that cannot provide a full picture

of all substantial incidents.
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Figure 2: Average Marginal Effects at different values of SPEI-12m-Dec

An alternative representation of the effect of weather variation on the probability

of harvest failure due to flooding is shown in Figure 2. It depicts a scenario analysis of

the Average Marginal Effect for different values of SPEI-12m-Dec. The idea behind this

graph is to imagine a household in a given year that experiences a weather deviation in

the direction of flooding risk (positive values) from the long-term average e.g. by two

standard deviations (as indicated by the reference line in Figure 2). At this point of

evaluation, the weather positively affects the household’s probability of harvest failure

due to flooding by 0.47%. Furthermore, examining the trend across the AMEs, there is

a clear positive association between more extreme weather that can lead to flooding and

an increased risk of harvest failure which supports the main hypothesis.

4.1.2 Impact of Extreme Weather

Up until here, weather was considered as a continuous variable on the whole spectrum

from ordinary conditions to more unusual events. In the following the focus will be on

the latter in order to measure the impact of extreme weather conditions in particular. In
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the literature there is no common definition of when to consider a weather situation as

extreme. However, based on the design of the SPEI variable, it makes sense to choose

conditions that are at least a certain number of standard deviations (SDs) away from

the long-term average. For the purpose of this analysis weather conditions are defined as

extreme if they deviate by at least two SDs from the mean.

The estimation considers the SPEI time frames of twelve and six months as they were

identified above to be the most meaningful. The SPEI-12m-Dec-2SD is therefore a binary

variable indicating household-years in which the weather was different by more than two

SDs from the long-term average. The estimation results for 1.5 SDs are included in Table

2 as a robustness check.

Contrary to the continuous case, interpretation of the effect of a binary independent

variable has a more intuitive meaning. The baseline of shock risk (not shown in table) is

Table 2: Probit estimation results of the extreme weather SPEI models for different time
frames with household controls

12 months 6 months
(1) (2) (3) (4)

AME AME AME AME
SPEI-12m-Dec-2SD 0.0151∗∗∗

(6.94)
SPEI-12m-Dec-1.5SD 0.0118∗∗∗

(6.00)
SPEI-6m-Oct-2SD 0.0154∗∗∗

(6.51)
SPEI-6m-Oct-1.5SD 0.0126∗∗∗

(6.13)
Controls
Urban -0.0118∗∗∗ -0.0119∗∗∗ -0.0118∗∗∗ -0.0122∗∗∗

(-3.41) (-3.45) (-3.43) (-3.54)
Slope (percent) -0.00111∗ -0.00110∗ -0.00107∗ -0.00103∗

(-2.36) (-2.31) (-2.24) (-2.26)
HHdistpc 0.000150∗∗ 0.000150∗∗ 0.000145∗∗ 0.000141∗∗

(3.04) (3.01) (2.89) (2.88)
Observations 47935 47935 48128 48128
t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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1.1%, meaning that a shock occurred on average in 1.1% of household-years, i.e. around

one shock for 1/10 of households in the observation period of 10 years. The AME of

SPEI-12m-Dec-2SD then suggests that in a year with extreme weather (top 2.3%) the

probability of harvest failure due to flooding is on average 1.5% points higher than in

years with more ordinary conditions. This corresponds to more than a doubling of the

risk of harvest failure by flooding due to extreme weather relative to the baseline of shock

risk of 1.1%.

The AME of SPEI-6m-Oct-2SD is of similar magnitude, which is different to the

continuous case in Table 1. This is a likely outcome if the continuous result of SPEI-

12m-Dec was an overestimation driven by the months with agricultural inactivity early

and late in the year. This finding holds on a lower level of an around 1.2% point increase

of risk for the less extreme 1.5 SD-cases as well. The similar magnitudes that can be

observed between the time frames support the robustness of the effect.

4.1.3 Subsample Evaluation

Diving deeper into the underlying causes, two relevant subsamples are examined. Firstly,

households that are not active in agriculture cannot experience harvest failure and are

therefore excluded from the sample. Secondly, households might live in areas where

flooding is not very common. It is worthwhile to study the effect only on households

that are located in flood plains or other areas with an existing level of flooding risk as

they have increasingly been used for settlement in the past years. These households are

included in the sample if they ever experienced harvest failure between the years 2007 to

2019.

Once again, the results in Table 3 are robust to the choice of time frame. The

larger subsample of all 3,299 agricultural households experience a 2.3% points higher

probability of harvest failure in the case of extreme weather. Such weather conditions

more than double the risk of harvest failure compared to the baseline frequency of shocks

for this group of 1.5%. As expected, the effect of Urban drops and becomes insignificant

as agricultural households are predominantly located in rural areas.

The analysis of the smaller subsample of 475 households in evidently more risky

areas should proceed with caution regarding the reduced sample size, which is about ten

times smaller than the original sample. Households in this subsample are likely to be
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clustered together in a number of regions across the country. A geographical analysis

shows that these households are mostly located in the central-western and northeastern

parts of Nigeria. They therefore also feature similar underlying conditions which becomes

apparent in the insignificance of the control variables. Furthermore, there is a threat of

endogeneity, as each household is treated by definition in at least one year.

However, the analysis can still provide important insights into the risk structures be-

hind weather induced harvest failure, especially given the assumed randomness of weather

events. According to Table 3, the impact of the occurence of extreme weather conditions

in a given year on this risk is an increase by 17.2% (17.6%) points for the time frame of

twelve (six) months. The corresponding baseline of shock frequencies for this group is

12.7%. Extreme weather conditions therefore have a substantial impact on the probabil-

ity of harvest failure for at-risk households. This finding is especially important as the

number of such households has been growing in recent years due to expansive housing

developments in risky areas.

Table 3: Probit estimation results of the extreme weather SPEI models for specified
subgroups and different time frames with household controls

Agricultural HHs High-Risk HHs
(1) (2) (3) (4)

AME AME AME AME
SPEI-12m-Dec-2SD 0.0226∗∗∗ 0.172∗∗∗

(7.24) (8.74)
SPEI-6m-Oct-2SD 0.0228∗∗∗ 0.176∗∗∗

(6.72) (8.07)
Controls
Urban -0.00642 -0.00669 -0.00773 -0.00411

(-1.33) (-1.39) (-0.48) (-0.26)
Slope (percent) -0.00158∗ -0.00146∗ -0.00370∗ -0.00231

(-2.35) (-2.16) (-2.18) (-1.48)
HHdistpc 0.000174∗∗ 0.000168∗ -0.0000455 -0.0000306

(2.73) (2.57) (-0.17) (-0.11)
Observations 31945 31979 4174 4205
t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001
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To sum up, this section provides evidence on the conditions under which weather

deviations have an impact on agricultural outcomes. The basic SPEI model identifies the

most relevant time frames of twelve and six months to focus on in the analysis. There

is a distinctly positive relationship between more extreme weather and increased risk of

harvest failure. The categorisation into extreme versus ordinary weather conditions makes

the results more robust and facilitates an intuitive interpretation of the data. The analysis

of relevant subgroups finally reveals strong differences in meteorological risk structures

across households in Nigeria. Overall, the magnitude of the impact of extreme weather

conditions on the risk of harvest failure is very robust with a factor of around two to

two and a half across all results and subsamples relative to the corresponding baseline

scenarios.

4.2 Resilience Strategies

After having identified the relationship of weather and flooding-induced harvest failure,

this section applies similar methods to examine whether educational attainment and in-

ternet access act as resilience strategies against such risk.

4.2.1 Education

As described in Section 3.2.1, a formal education is a necessary prerequisite for both the

uptake and the application of available knowledge about flood prevention measures. In-

vestment into education especially in rural areas might therefore enable more sophisticated

self-protection by the population.

Educational attainment is assessed using average household literacy rates as well as

a measure for the highest acquired degree per household. As can be seen in columns (1)

and (4) of Table 4, for the basic model there is a significant and negative impact on the

probability of harvest failure due to education, i.e. better literacy or a higher qualification.

However, as devised above, there is a large underlying imbalance between different

groups and regions across the country. Restricting the sample to agricultural households

in columns (2) and (5) immediately weakens the effect. This points towards a differ-

ent, longer-term effect of education. Better educated households can diversify into other

economic sectors and do not need to rely on agricultural production alone.

21



Table 4: Probit estimation results of the effect of educational attainment on flooding
risk

Average HH Literacy Maximum Degree in HH
(1) (2) (3) (4) (5) (6)

AME AME AME AME AME AME
Literacy -0.00916∗∗∗ -0.00545∗ 0.000341

(-4.92) (-2.33) (0.14)
Degree -0.00116∗∗∗ -0.000575 -0.000250

(-3.52) (-1.20) (-0.57)
Agricultural HHs ✓ ✓ ✓ ✓

Location Controls ✓ ✓

Observations 47678 31807 31807 41559 26707 26707
t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Introducing location controls on the basis of geographic regions in columns (3) and

(6), the effect of education completely vanishes. This indicates that educated people

might actually be more able to protect themselves from floods. However, they do that

by choice of residence rather than by building up physical protections. A higher level of

education enables them to select regions that are less prone to flooding-induced harvest

failure. Overall, even though due to a different channel than the one stated in the original

hypothesis, there is likely to be a significantly positive effect of education in dealing with

the risk of harvest failure. The effect might only be seen in the medium to long run.

4.2.2 Communication

The Nigerian government increasingly relies on distribution of agricultural knowledge via

the internet (cf. Section 3.2.2). However, according to the GHSP only around 40% of

all households had access to the internet in 2016, compared to around 30% of rural ones.

The question remains whether mere access to the internet and the potential subsequent

broadening of the knowledge base already provides an advantage to households.

The probit estimation on the probability of harvest failure presented in Table 5 finds

a diminishing effect of internet access on risk for the whole sample. However, as before

there are likely confounding factors that bias the interpretation of this basic relationship.

In particular, no significant effect is found for agricultural households, indicating that

the effect in column (1) is likely due to higher internet access rates of non-agricultural
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Table 5: Probit estimation results of the effect of communication on flooding risk

Internet access
(1) (2) (3)

AME AME AME
Internet -0.00536∗ -0.00294 -0.000408

(-2.40) (-0.89) (-0.12)
Agricultural HHs ✓ ✓

Location Controls ✓

Observations 44816 30154 30154
t statistics in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

households in urban areas. Overall, there seems to be no strong evidence that internet

access per se has a significant effect on mitigating the risk of harvest failure.

5 Implications and Concluding Remarks

The main purpose of this paper is to identify the role of weather volatility in flooding-

induced harvest failure for developing countries such as Nigeria. Especially in light of the

devastating natural hazards that have been observed in the past years, a clear picture of

this relationship provides valuable input into modelling the impact of future events. As

climate change intensifies over the coming decades, increasing the frequency of extreme

weather events, these results offer the basis for a scenario analysis quantifying the eco-

nomic damages involved. The proposed estimation using the SPEI measure as well as a

probit model present a blueprint for future studies along these lines. The universal avail-

ability and flexibility of SPEI, covering both flooding as well as drought events, provide

the opportunity for broad applicability across many countries. It is vital to obtain a clear

picture of how extreme weather conditions will shape these countries in the next decades.

Using a probit estimation model, this paper assesses the risk of harvest failure due

to varying weather conditions. Firstly, the time frames of twelve and six months are

identified as most sensible for the analysis as they manage to represent the period most

decisive to agricultural outcomes influenced by the weather. A time frame of three or

twenty-four months is rejected as this period is too short or long, respectively, to provide

valuable insights into the determinants of flooding events. Secondly, the definition of
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extreme weather as divergence of at least two standard deviations from the long-term

average provides an intuitive interpretation of the risk impact. Thirdly, the impact on

agricultural households is expectably distinctly larger. The analysis of households in

previously affected areas reveals a subgroup of high-risk households that are a natural

focus for mitigating strategies and resilience policy. All results and subsamples have

a magnitude of around two to two and a half with regard to the increase of risk of

harvest failure above the corresponding baseline scenarios. This underlines the risks

involved in the ongoing climatic trends under which developing countries will suffer in

particular. Future research should quantify the economic and human losses that follow

such an expansion in risk contingent on existing climate projections, such as climate

scenarios reaching the 1.5°C or 2°C warming goals.

In order to identify potential resilience strategies, the effect of educational attainment

and communication are assessed. Educational attainment, measured as average literacy

or highest academic degree in a household, promotes resilience along two trajectories.

Firstly, better educated individuals are enabled to shift their work effort into other eco-

nomic sectors, decreasing their reliance on economic activity vulnerable to weather volatil-

ity. Secondly, higher education facilitates a more sophisticated choice of the household’s

location of residence. Communication, measured by access to the internet per household,

does not seem to have an effect on the most affected households. This is likely due to the

poor network development into rural regions.

The approach taken also provides further opportunities for future studies. A worth-

while avenue for research concerns the choice of variables measuring the extent of flood

events instead of the SPEI variable. A geographical flood model can provide granular

insights into the scope and intensity of different flooding events. In particular, the miti-

gating effect of man-made protections such as dams or drainage channels can be modelled

precisely on this basis. However, there is also a clear advantage in the broad availability

and simplicity of the SPEI measure. Especially the future impact of climate change in

this setting can be incorporated using projections of the underlying weather data. A

geographical flood model can therefore be seen only as complementary but never as a full

substitute to this analysis.

To conclude, the field of extreme climate impacts in developing countries still provides

ample opportunity for further research. This paper provides a framework for an analysis
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that is easy to replicate in different environments. A more complete understanding of

the underlying causality improves the ability to develop effective policy for resilience

strategies.
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A Appendix

Table A.1: Summary statistics of relevant variables

Mean StDev Min Max
SPEI-3m-Sep -.2960906 1.652053 -6.69348 5.90246
SPEI-6m-Oct -.0156354 1.645714 -6.28203 8.12589
SPEI-12m-Dec .4347661 1.497626 -7.83143 7.6596
Urban .324 .4680047 0 1
Slope 3.133817 2.552579 0 30.59215
HHdistpc 19.7324 19.97041 .1 102.2
Literacy .6621968 .3824755 0 1
Degree 5.158364 2.673462 1 12
Internet .1563929 .3632314 0 1
Agricultural HH .6598 .473781 0 1

Definition of variables

SPEI-3m-Sep Standardized Precipitation Evapotranspiration Index for the three

months before September of a given year

SPEI-6m-Oct Standardized Precipitation Evapotranspiration Index for the six

months before October of a given year

SPEI-12m-Dec Standardized Precipitation Evapotranspiration Index for the twelve

months before December of a given year

Urban Dummy for urban (1) vs. rural (0) household location

Slope Incline of the household grounds in percent

HHdistpc Household’s distance to the nearest population center (≥20,000)

Literacy Share of HH members that can read/write

Degree Highest educational level of any HH member

Internet Access to the internet (1) or not (0)

Agricultural HH HH active in agricultural sector
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Crops Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Corn (South)
Corn (North)
Millet
Rice (South)
Rice (North)
Sorghum
Yams

  Sowing   Mid-season   Harvest

Figure A.1: Growing cycle for main crops in Nigeria adapted from Shiru et al. (2019)
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Figure A.2: Climate diagram for a typical central Nigerian city (here: Jos, NIG) from
Hanisch (2006)
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