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Harmful Temperatures and Consumption Expenditure:

Evidence from Nigerian Households

Abstract

This paper examines the effect of season-specific changes in temperature on
households’ consumption expenditure in Nigeria. Prior works show that small-scale
farmers attenuate the effect of extreme heat on agricultural productivity by inten-
sifying the use of non-traded inputs like land. However, attenuating weather shocks
with purchased inputs such as access to irrigation water or drought-resistant vari-
eties could endogenously lower the welfare of net-food buyers if it increases food
prices and consumption expenditure. After controlling for seasonality and other
time and zone-specific trends, extreme heat increases per capita consumption ex-
penditure during dry seasons but not in wet seasons. We interpret this result as
a reflection of the higher costs of production associated with extreme heat during
the dry season. Relative to households in urban cities, rural households pay more
for food during the dry season. Rising food expenditure as a welfare implication of
extreme heat is important for quantifying predicted economic losses due to climate
change. Our results support policies that offer compensated income to vulnera-
ble households as a way to mitigate the impact of weather shocks in developing
countries.

JEL Codes: 131, 013, Q51, Q54, R20

Keywords: climate change, extreme heat, food expenditure, welfare, Nigeria

1 Introduction

This paper investigates the effect of season-specific changes in temperature on con-
sumer expenditure. It is well known that small-scale farmers attenuate the adverse effects
of extreme temperatures through short-run adjustments in the use of non-traded produc-
tive inputs (Aragon et al|2021] [Jessoe et al.2018). For instance, Aragon et al. (2021)
find a more intensive use of non-traded productive inputs, like increasing area planted,
increasing family labor, and changing crop mix to attenuate the effect of extreme heat
on productivity loss. These findings are typical of agricultural household models un-
der incomplete markets (Taylor & Adelman| 2003, |De Janvry et al||1991). This view is
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particularly relevant for farmers in developing countries where market imperfections, im-
perfect learning, coordination failures, and weak institutions limit investment and access
to climate-shock mitigating technologies.

However, a broader view sees tradable inputs such as drought-resistant technologies
as important constituents of the agricultural production function during adverse weather
shocks (Hertel et al.2010). Across the agricultural value-addition chain in the Sub-
Saharan Africa (SSA) region, access to irrigation water and drought-resistant technolo-
gies during heat stress involves making some costly expenditure on the part of farmers.
Omitting the costs and expenditure made regarding these technologies in the produc-
tion function will endogenously overstate the response of non-tradable inputs like land
to weather shocks. When seen from this perspective, adapting farming and agricultural
infrastructure to climate change implies greater challenges for the rural poor farmers and
a plausible cause of higher food prices.! This means that as weather shocks intensify,
constraints from access to purchased inputs could increase prices of agricultural goods.

This paper examines the welfare effect of season-specific extreme temperatures on
the cost of living vis-a-vis their exacerbated impacts on household consumption. On a
global scale, it is already noted that the financial cost of adaptation to climate change
could likely result in an additional price increase of food staples —a total of 32 to 37
percent for rice, 52 to 55 percent for maize, 94 to 111 percent for wheat, and 11 to 14
percent for soybeans (Nelson et al.[[2009). Moreover, for most households, the share of
food (commodities) constitutes a higher budget share; therefore, increasing food prices
could increase the cost of living and lower the relative income of net food consumers who
are relatively poor (Sam et al. 2021, Hertel et al.[|2010, Brown et al.|2009).

Our main contribution is to the literature exploring the margins of adjustment and
the scope for mitigation to the impact of climate change on agriculture and the food
system (Aragon et al.[2021, |Jessoe et al.[2018] |Colmer| 2018, |Gerber et al.[2013). An im-
portant contribution from this extant literature sees the scope mitigation from short-term
productive and behavioral adjustments as important cornerstones for lowering the effects
of climate change. In contrast, our contribution supports a broader view that associates
the cost implication of abatement strategies to additional welfare loss on households who
are net buyers of food (Hertel et al{[2010). To the best of our knowledge, our approach
of using food expenditure as a channel for understanding the welfare effect of extreme
heat gives better implications for quantifying economic losses due to climate change. Pol-
icymakers are beginning to recognize that understanding the impact of extreme heat on
vulnerable populations presents an opportunity to serve low-income communities. There-
fore, the expected outputs from our study will proffer important policy recommendations

that can help design policies that strengthen the local response and foster resilience to

!Potential reasons for the higher costs include lack of (or imperfect) access to input markets, poor
coordination efforts of extensions agents’ services and information asymmetry regarding best practices.
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weather shocks. It is also important for supporting policy in response to calls for im-
proved funding of climate change adaption strategies and the use of compensating income
for households facing higher food prices due to weather shocks.

To motivate our study, we incorporate weather-induced production inputs into the
farm household and agricultural models (Tack & Yu 2021, |[Pope et al.[2011)). The model
incorporates life-cycle household consumption, agricultural production, and off-farm fi-
nancial decisions in one coherent dynamic and intertemporal framework. Farm production
depends on purchased inputs, non-tradable inputs like land, stochastic production, and
weather-induced shock. Returns to agricultural investment are functions of productive
use of non-tradable inputs and investment in purchased inputs that mitigate production
risks from weather-induced shocks (Hertel et al.|[2010]). However, rural agricultural house-
holds are characterized by market imperfections that generate inefficiencies and retard
asset accumulation, coordination failures, and weak socio-political and economic insti-
tutions (Barrett| 2008). The implication is that under incomplete markets, the use of
tradable productive inputs due to weather-induced shocks will increase production costs
and plausibly lower agricultural supply. Households can draw on non-agricultural assets
to fund higher expenditure as rising production costs lower staple agricultural produc-
tion. However, this implies a welfare loss arising from a decline in consumer surplus as
increased food prices lower net income and purchasing power (Friedman & Levinsohn
2002, Deaton & Muellbauer||1980).

On the other hand, higher food prices might only be a threat if many farm households
are net food buyers as net-sellers may find higher food prices beneficial. Similarly, because
consumer demand for most food items among the poor suggests "Giffen" behavior, a
rise in price on essential food items will likely force them to reduce the consumption of
luxurious and other expensive foods without changing the consumption of staple foods
(Jensen & Miller|{ 2008). Therefore, while weather shocks affect aggregate consumption
expenditure, households may consume more and not less of food items considered as
essential without significant loss to utility.

To support our theoretical prediction, we combine Nigerian household survey data
with satellite imagery for our empirical analysis to construct a comprehensive dataset con-
taining socioeconomic and meteorological variables. We utilize a methodologically data-
intensive but straightforward approach that has been used in previous climate-related
studies to estimate the impact of local weather conditions on several economic outcomes.
Specifically, we investigate the impact of extreme temperatures on consumption outcomes
like per capita, cereal, tuber, and animal and fruit consumption separately during the
wet and dry seasons. The intuition is that extreme weather shocks will stimulate greater
use of purchased intermediate inputs for abating the impact of climate shock than dur-
ing the wet season. Similarly, we categorize households into two based on whether they

live in rural or urban areas. Intuitively, compared to rural dwellers, urban dwellers are
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less dependent on agriculture for livelihood strategy and may less likely experience price
shocks that arise from output changes. We identify these impacts from weakly exogenous
and random local weather fluctuations, thereby reducing the problem of omitted variable
bias.

After controlling for seasonality in agricultural supply and other time and zone-specific
trends, we find that a one percent standard deviation increase in our measure of extreme
heat days is associated with a 46.8% fall in consumption expenditure during the wet sea-
son. Contrastingly, a one percent standard deviation in the measure of extreme heat days
during dry seasons is associated with a 24.9% increase in food expenditure per household.
These findings are consistent with the variation in the cost of mitigation practices due
to weather shocks exhibiting a distinct seasonal pattern; therefore, food prices are more
expensive during harsh weather conditions (Brown et al.[[2009). Compared to rural-based
households, we find that climate variability does not significantly affect expenditure in ur-
ban areas. This result is consistent with the studies showing that climate shock will make
rural households in developing countries more vulnerable than urban-based households.
Given that consumption responses to weather shocks are likely to reflect substitution that
prioritizes the consumption of important staples, we find that cereals and fruits are more
affected by extreme temperatures. Similar studies find that extreme heat increases the
quantity harvested (in absolute and relative terms) of tubers (Aragon et al.|[2021)), which
reflects why expenditure on this food category is not responsive to weather shocks.

Furthermore, we find the pattern of consumption differs across the location. For ex-
ample, while consumption is expected to increase due to rising hot days in rural areas,
it is likely to fall in urban areas. Although the number of extreme weather events, such
as droughts, heat, and increased precipitation, has doubled in the past 40 years (I[PCC
2018)), there is less confidence in the adverse implication on traditional human liveli-
hoods. Nonetheless, unpredictable weather conditions could carry substantial economic
and social costs for the rural poor, whose livelihood is mainly tied to agriculture.

To the best of our knowledge, the adjustment in Nigerian households’ consumption
in response to extreme temperatures has not been documented before. Similar studies
have investigated how temperature and rainfall shocks influence household consumption.
For instance, |Aggarwal| (2021)) examines the impacts of temperature and precipitation
variability on the monthly per capita consumption expenditure of Indian households. The
study reports that an increase in consumption of 1.2 percent on average is associated
with a one standard deviation rise in temperature, with heterogeneous impacts across
economic sectors. In another study, [Sam et al.| (2021)) use the IFPRI-projected climate
scenarios to show that Swazi households living in rural areas could experience a significant
deterioration in living standards. They report that the fall in household welfare is due
to increased cereal prices following climate change. We improve upon existing literature

by exploring the effect of harmful temperatures and estimating the differential impact of
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weather shocks based on households’ vulnerabilities.

We divide the paper as follows. Section 2 provides a formal, conceptual framework for
the study. Background information of our study area is supplied in Section 3. We describe
the data and empirical strategy in Section 4, while the various results are discussed in
Section 5. Section 6 deals with climatic projections and predicted impacts. We conclude

the paper with some policy implications in Section 7.

2 Conceptual Framework

This section provides a conceptual overview of the welfare impact of adapting climate
change technology in agriculture on household consumption. The model incorporates life-
cycle household consumption, agricultural production, and off-farm financial decisions in
one coherent framework. In the first part, we allow for tradable abatement technologies
such as hired labor, drought-resistant technologies, and irrigation as important variables
of the agricultural production model. In the second part, we subject households’ utility
from the consumption of agricultural staples, a market purchased good, and leisure to

income and production constraints arising from weather-induced shocks.

2.1 Household agricultural production under exogenous weather
shocks

The basic model is an abridged version of Pope et al.’s (2011) life-cycle household
consumption, agricultural production, and financial decisions, as discussed in [Tack & Yu
(2021]).

More formally, following [Tack & Yu (2021)), the farm’s production technology is rep-
resented by:

y = F|[(z,a)(1+e)] (2.1)

where z is a vector of tradable variable inputs (such as fertilizers, irrigation water, and
drought and pest-resistant varieties), a is non-tradable input such as land and family
labor, y is the output and can be considered an agricultural staple, and e is a stochastic
production shock such as those arising from extreme-weather induced biotic and abiotic
stress. Underlying many agricultural production models is the concept of risks. Our first
contribution is to introduce (z) tradable inputs and climate risks abatement technologies
into the agricultural production function. Since agricultural production partially depends
on tradable inputs, increasing their use due to abiotic and biotic risks can affect invest-
ment, yield, and returns from agricultural production (Hertel et al.[2010). For example,

under extreme heat, mitigating the effect of drought through access to irrigation water
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could be the best response for abating water supply to relieve soil moisture deficits and
improve agricultural productivity.

Assuming that tradable input is omitted (i.e., z = 0), and e > 0, intuitively, Z—Z >0
implies an increase in agricultural output as farmers increase the intensity of land and
family labor use in response to abiotic stress. This is the basic rationale in [Aragon et al.
(2021), which finds that a one standard deviation increase in the measure of extreme
heat is associated with a 6 percent increase in land used. Increasing inputs used as a
short-run mitigation response to extreme weather shock could help increase the quantity
of harvests and attenuate productivity loss. Much of the intuition from [Aragén et al.
(2021)) is valid under a more general setting where mitigating the effect of heat stress
does not require additional use of other inputs. On the other hand, any tradable input
that alters productivity could dramatically impact agricultural output. Accounting for
improvement in technological innovations, e.g., drought-resistant varieties and access to
irrigation water could reduce the economic importance of the land input on agricultural
production (Hertel et al.|2010).

Subsequently, we extend equation and show that agricultural production is
jointly affected by the intertemporal interactions and allocation of tradable and non-
tradable resources, mainly driven by the expenditure on climate change abatement in-
puts. Therefore, generalizing the production function in equation to include another

function that captures the expenditure on weather adaptation measures P,(z;e):

y=F(z,a,P.(x;e)(1+¢)) (2.2)

And in spirit to Hansen and Singleton’s (1983), but generalized to allow for diversi-
fication into non-agricultural assets, we can subject the agricultural production function
to an initial wealth in period ¢ (I;) to allow for investment less market-purchased com-

modities (my).

ye = Ir—my (2.3)

And wealth, I, is a function of:

I = Ki 4+ oy + Py (ye) (1 + ef) (2.4)

where K, is the value of the non-agricultural asset, a; is the value of the land asset,
and Py, (y;)(e;) is the profit or value of agricultural outputs after accounting for weather
mitigating technology inputs (X;) and autonomous consumption of agricultural products.
Similarly, agricultural production investments in period ¢ + 1 is a function of end-of-

period wealth in I, q:
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Iy = K1 By 4 a1my + Py (y) (1 + ep1) — Mg (2.5)

where 3; captures the relative change in the value of the non-agricultural asset and n,
captures the change in the value of the farmland. Py;,1(y)(e;41) is the ex-post realized
output (i.e., profit) that sells at output price and after accounting for Py 1 X (@ €141),
which is the expenditure to reduce the effect of extreme heat (cost of abatement for
reducing the production shock) and after accounting for home consumption of agricultural
staples (i.e., autonomous consumption) less expenditure on market-purchased commodity
().

We interpret these findings as evidence that agricultural production costs will increase
in response to extreme temperatures. Examples of intermediate inputs include fertilizers,
pesticides, drought-resistant, and early maturing varieties, hired labor, and irrigation
water. Unfortunately, agricultural production and access to inputs that could abate in
many developing countries are characterized by market imperfections. The implication is
that short-term adjustment of supply to productive input use is endogenously determined;
however, pinning down the impact could be observed as expenditure varies with season-

specific changes in temperature.

2.2 Household consumption expenditure under endogenous pro-

duction shocks

Following a typical household model?, in any production cycle, the household is as-
sumed to maximize utility from the consumption of an agricultural staple (X a), a market

purchased good (Xm), and leisure (X1).

Ut = U(Xat,th,Xlt) (26)

Merging the production constraint into the income constraint, utility is maximized subject

to:

P.Xay 1+ PpXmy = Iy = K1 B, + ouamy + Py (ye) (e441) (2.7)

where the left-hand side function represents expenditures made on agricultural staples and
a market-purchased good, respectively. The right-hand side variables are the production
and income constraints. In this presentation, it is assumed that production under weather
shocks is risky. However, households have access to non-farm income sources. Therefore,
despite the market imperfection, they can still pay for the rising expenditures made on

agricultural staples and a market-purchased good. On the one hand, tradable productive

2See |Singh, Janakiram et al.| (1986), Singh, Squire & Strauss (1986) for a more elaborate discussion.
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inputs due to weather-induced shocks will increase production costs and plausibly lower
agricultural supply and farm profits. On the other hand, households will draw on non-
agricultural assets to fund higher expenditure as increasing production costs lower staple
food production.

However, higher food prices might only be a threat if many farm households are
net food buyers as net-sellers may find higher food prices beneficial. Similarly, because
consumer demand for most food items among the poor suggests "Giffen" behavior, a
rise in price on essential food items will likely force them to reduce the consumption of
luxurious and other expensive foods without changing the consumption of staple foods
(Jensen & Miller|{ 2008). Therefore, while weather shocks affect aggregate consumption
expenditure, households may consume more and not less of food items considered as
essential without significant loss to utility.

Pinning down these mechanisms empirically remains a challenge. Still, it is essential
for designing appropriate interventions for mitigating the effect of extreme weather in
areas where livelihoods depend heavily on agricultural production. There are, however,
at least two ways of investigating this. First, the cost of climate abatement should
be higher during the dry season. Therefore, consumer expenditure on agricultural food
products will be correlated with season-specific changes in temperature. After controlling
for seasonality in agricultural production, higher expenditure is likely observed during
the dry season than during the wet season. Second, if rising expenditure due to weather
shocks is tied to higher prices and the dwindling supply of agricultural products, weather
shocks would significantly aggravate expenditure in communities with high dependence on
consumption from agricultural staples. For instance, in contrast to urban communities,
households in rural communities could experience higher expenditure due to higher prices
to the extent that they can fund rising expenditure due to climate change with non-
agricultural assets. The literature explains that covariate shocks force households to adopt
strategies such as selling assets or extracting natural resources to fund rising expenditure
due to weather shocks (Nguyen et al. 2020). The following sections investigate these

mechanisms with data and discuss the empirical strategy employed in greater detail.

3 Background

Before providing a background of the study area, we highlight the reasons for the
choice of our study area. First, Nigeria provides a unique choice because of the availabil-
ity of data on household consumption expenditure from the Nigerian General Household.
Second, the geographical importance and the contribution of agriculture to the econ-
omy, as well as variation in weather patterns make Nigeria a suitable choice of area for
investigating the impacts of weather chocks on household consumption expenditure.

Nigeria is a tropical country that lies between latitudes 4° and 14°N, and longitudes



14°N

12°N A

10°N A

8°N -

6°N -

4°N 4

SUDAN SAVANNA

SAHEL SAVANNA

GUINEA

SAVANNA ------ ECOZONES

HEIGHT (m)
-24-0
0-10
10 - 150
150 - 300
| |300-500
| |500-1000
| 1000 - 1500
1500 - 2000
2000 - 2419

RAINFOREST

MANGROVE SWAMP

2°E 4°E 6°E 8°E 10°E 12°E 14°E 16°E

Source: |Shiru et al.| (|2020|)

Figure 3.1: Projection of meteorological droughts in Nigeria during growing
seasons under climate change scenarios
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2° and 15°E with distinct agro-ecological zones (AEZs) (see, Figure [3.1). The sharp
disparity in ecological and climatic conditions is reflected in the sharp variation in annual
temperature and precipitation as one moves from the North to the South. In the South,
average annual temperature ranges from 17-37°C and in the North from 12-45°C (Haider
2019). Similarly, aggregate annual rainfall amounts decrease Northwards, with the South
receiving an average of 3,000 mm of rainfall per year versus 500 mm in the northeast.
Future projections of extreme weather events indicate that by 2060, a rise in temperatures
by 1.1-2.5°C would increase the number of extreme heat days to 260 days by 2100 (versus
only ten days in 1990) (Haider 2019).

The Nigerian climate varies greatly depending on the region. Therefore, there are two
seasons - rainy and dry seasons. In general, the length of the rainy season decreases from
South to North. In the South the rainy season lasts from March to November, whereas
in the far North it lasts only from mid-May to September.

Given the key role of agriculture to the Nigerian economy as a primary source of
income for 80 percent of rural poor and contributing more than 20 percent to national
gross domestic product (GDP), adverse weather events in Nigeria are generally associated
with increases in the prices of agricultural produce. Besides, agricultural production in
Nigeria is mainly rain-fed (less than 1 percent is irrigated) and done by smallholder
farmers.

Climate variability affects relative output and input prices and hence the supply of
food products. Suppose climate change exacerbates the frequency and severity of ex-
treme weather events, such as heat waves, in Nigeria, the result will be an increase in
average food prices, which could be observed in the interannual variation in consumption
expenditure. In this case, climate variability will affect food expenditure as households
facing higher food prices will adjust production and consumption decisions to mitigate

the effect of rising food expenditure.

4 Data and Model Specification

4.1 Data Description and Sources

We combine household survey data with satellite imagery to construct a comprehen-
sive dataset containing socio-economic and meteorological variables. Our unit of obser-
vation is the enumeration area (EA)-by year. Our final dataset is panel data consisting
of more than 2000 observations spanning from 2010 to 2016. Nigeria is a prime example
to study the effect of extreme heat on micro-level socioeconomic livelihoods in a trop-
ical region. Nigeria houses more poor people than any country globally, ranks 103rd
out of 119 qualifying countries on the hunger scale (UNDP|[2016), and positions 152nd
out of 188 countries on the 2015 UNDP Human Development Index (von Grebmer et al.
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2018). Pressures from weather-related shocks are some of the identified concerns driving

vegetation loss and poverty in the country (Bertoni et al.[|2016, Barbier & Hochard|[2016)).

Socio-economic Dataset

We source our main data from the three waves of the Nigeria General Household
Survey (NGHS), a multi-topic panel survey carried out annually over 12 months on a
nationally representative survey of approximately 5,000 households from more than 500
EAs representing all the states in Nigeria as shown in Figure ??.2 The three waves used
in this study are chronicled as follows: wave 1 (2010-2011), wave 2 (2012-2013), and wave
3 (2015-2016).* The National Bureau of Statistics (NBS) implemented the surveys with
the support of the World Bank Living Standards Measurement Study Integrated Surveys
on Agriculture (LSMS-ISA) project. The survey asks household members to report the
amount spent on different food and non-food items in the last seven days and other health
and education expenditures. We use this information to construct measures of household
consumption. One major limitation of the dataset is that we do not observe expenditure
over the spending period: rather, only the aggregate amount spent in the last 12 months is
recorded. However, we believe these measurement errors are exogenous to our explanatory
variables; consequently, such imprecision might only lead to imprecise rather than biased
estimates. The survey also provides information on other socio-demographic features
such as access to the market, gender of household heads, amount spent on electricity, etc.
Given that our unit of measurement is at the EA, we average observations at household
level to the EA level.

Weather Data

Our weather data comes from the National Centers for Environmental Prediction
(NCEP)/Climate Prediction Center (CPC).5 This gridded dataset contains daily maxi-
mum and minimum temperature, as well as total daily precipitation at 0.5 x 0.5 degree
resolution (approximately 56km x 56km at the equator) from 1979 till date. Mean daily
temperature is derived by averaging each day’s maximum and minimum temperature for
each grid cell. To link the weather and household data, we overlay a polygon of Nigerian
EA on the average temperature and total precipitation for each grid cell and take the
simple average across all grid cells per EA using geospatial software. While, we leave
average temperature at daily level to allow us construct our measure of extreme heat, we
aggregate the daily precipitation observations to obtain monthly aggregate rainfall at a

location.

3There are 36 states in Nigeria, including the Federal Capital Territory.

4Year 2014 is missing in the survey.

SCPC data is provided by the NOAA /OAR/ESRL PSL, Boulder, Colorado, USA, from their website
at https://psl.noaa.gov/


https://psl.noaa.gov/

Notes: Each black shape represents an enumeration area (EA).
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As our baseline specification, we divide a typical year into dry and wet seasons to
understand how seasonality drives consumption spending among Nigerian households. A
typical dry season in Nigeria spans November to March, while the rest of the year is classed
as wet season period. Figure in the appendix shows the temperature distribution in

these two seasons.

Climate Change Projection Data

We rely on the Australian Community Climate and Earth System Simulator (ACCESS-
ESM1.5) of the Commonwealth Scientific and Industrial Research Organisation (CSIRO)
for our climate change projection data.% This general circulation model (GCM), which
belongs to the sixth phase of the Coupled Model Intercomparison Project (CMIP6), com-
prises of atmospheric and land components compiled as a single executable, coupled to
ocean and sea-ice executables.” We use the middle-of-the-road scenario (SSP3-7.0) of
the model to construct an EA-day panel for average temperature and total precipitation
from 1970 to 2100.> We use these projected data to examine the medium-term (average
over 2041 - 2060) and long-term (average over 2081 - 2100) impacts of hot days on food

consumption in Nigeria.

4.2 Model Specification

We use a reduced-form log-linear model specification to estimate the relation between
heat exposure and consumption expenditure in Nigeria.® Our dependent variable is 1.,
where i€{c/n, ce, tu,an, fr}, with ¢/n for consumption per capita, ce for cereal expen-
diture, tu for tubers and roots expenditure, an animal products expenditure, and fr for
fruits and vegetables expenditure in enumeration area (EA) e and in year ¢. All out-
comes aside from consumption per capita are derived as shown in Table .1, The model

is specified as

Yiet = Q¢ + ’YTt + BlDDet + BQHDDet + )\1Pet + )\QPth + )\Het + €et (41)

where «, are EA fixed effects to control for EA-specific time-invariant factors of food
consumption such as average distance to the nearest market, -, are zone-specific trends

which accounts for time-changing determinants of food consumption that are common

6This data is hereafter referred to as ACCESS.

"In lieu of presenting detailed description of the simulation processes of these global climate models
(GCMs), readers are referred to [Eyring et al| (2016]), whereas the dataset can be retrieved from the
CMIP6 website https://pcmdi.1lnl.gov/7cmip6.

8SSP3-7.0 is a new shared socioeconomic pathway added to CMIP6 that lies between the worst case
(SSP5-8.5) and more optimistic (SSP4-6.0) scenarios.

9This is a popular approach in measuring the impact of weather shocks on economic outcomes as
evidenced in [Emediegwul (2021)), [Hsiang & Meng| (2015)), Deschenes & Greenstone| (2007)
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Table 4.1: Derivatives of Consumption Purchases

Outcome Variable Combination

Cereals Sorghum + Maize + Millet +
Rice + Other cereals

Tubers & Roots Yam + Cassava + Banana &
Other tubers

Animal Products Poultry + Meat + Fish + Diary

Fruits & Vegetables Fruits + Vegetables 4+ Beans

within a geo-political zone (such as the agreement to ban open grazing in the South-
West Zone of Nigeria).! H ., contains EA-specific time-varying characteristics that may
influence spending on food products. These characteristics include average house rent,
average education spending, average spending on mobile phone recharge and average
amount on petrol. €. are idiosyncratic errors clustered at EA-level to account for possible
correlation of the standard error terms within EA groups.

Following earlier studies like |[Aragon et al. (2021), Roberts et al. (2012)), we model
the impact of weather exposure as cumulative heat exposure and rainfall. Specifically, we
construct two indices to reflect cumulative heat exposure - degree days (DD) and harmful
degree days (HDD). Formally, DD is defined as

1
DD =~ Zd: DD(ty)

0 Zf t S Rlow
where DD(td) = t— Klow @f Rlow < t S Rhigh

Rhigh — Riow lf Khigh <t

where t, is average daily temperature in day d (in °C), Ky, baseline temperature, but

Khigh is the temperature ceiling beyond which crops are hurt. In the same vein,

1
HDD = — DD(t

0 ift<k i
where DD(ty) = J S Bnigh

t — Khigh  1f Knigh <t

Including HDD accounts for non-linear impact of extreme heat. It is significant to state

10The states are grouped into six geopolitical zones: the North Central (NC), North East (NE), North

West (NW), South West (SW), South East (SE) and South (SS)
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that for ease of interpretation, we calculate average degree days as done in |[Aragon et al.
(2021)), rather than aggregate degree days. Our interest parameter is §o, which estimates
the impact of extreme heat on food expenditure in Nigeria.

Concerning the choice of Ko, and Kpgn, there is no unanimity in the literature on
the most appropriate or a “one-fits-all” thresholds since the choice is dependent on the
outcome measured. Consequently, we follow |Aragon et al.| (2021)), |Deschenes & Green-
stone| (2007) in selecting ko, = 8°C and kKp;gp = 32°C. Since we do not know the true
thresholds, we further our analysis using a couple of other thresholds.!! Rainfall is prox-
ied by total precipitation (in mm) represented by PP and its quadratic term in equation
. Moreover, the climatic variables consist of weather observations during wet and
dry seasons.

With a full set of EA and zone-by-year fixed effects, we ensure that the derived
estimates are truly from fluctuations in weather. This is a fair assumption because
weather fluctuations are fairly exogenous to other unobserved food consumption factors.
Also, to account for heteroskedasticity associated with EA sizes, a weighted version of
equation is estimated where weight is the EA population derived as the sum of
household population within an EA. In addition to controlling for heteroskedasticity,
population-weighted models allow us to estimate impacts on an average person rather

than average EA.

5 Results and Discussion

5.1 Main Results

Table presents the results of the effect of extreme temperature on food consump-
tion. The result shows that HDD has a negative and statistically significant effect on
consumption per capita during wet seasons (column 1). In particular, an extra day of
average HDD during wet seasons is associated with a 47% decrease in consumption per
capita. Conversely, we find that the same marginal increase in average HDD in dry sea-
sons has a positive and statistically significant effect on consumption per capita. This
mixed result reveals that the effect of changes in HDD on consumption per capita varies
depending on the season, which explains the role of seasonality. A plausible explanation
for this result is that since most plantings are done in the wet season, food prices are
usually higher. This finding is similar to the findings in [Aragon et al. (2021)), where they
conclude that extreme heat shocks can reduce aggregate supply and increase agricultural

prices. Therefore, households tend to reduce their consumption expenditure as a coping

HEigure in the Appendix assesses the sensitivity of our results to different xp;gn, ranging from
25°C to 35°C. The results show that higher thresholds yield similar results while lower thresholds increase
the magnitude of the estimates.
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strategy (Hisali et al.||2011). In the same vein, food prices are generally lower during
the harvesting season (dry season), and as a consequence, households tend to consume
more food. As a way out for farmers faced with climatic shocks, the farmers increase
their input use to attenuate the impact of extreme weather shock, thereby increasing

output in the dry season which leads to reduced prices thereby increasing household food

consumption.
Table 5.1: Effect of Temperature on Food Consumption
Purchases
In(C/Y) In(cereal) In(tuber) In(animal) In(fruits)
(1) (2) (3) (4) (5)
Average DD (wet season) 0.037 0.202%* 0.305%* 0.091 0.090
(0.036) (0.084) (0.146) (0.068) (0.060)
Average HDD (wet season) -0.468*+* -1.119%* 0.516 -0.148 -l.27TRRE
(0.179) (0.561) (0.696) (0.433) (0.452)
Average DD (dry season) -0.011 -0.086 -0.200 -0.061 0.149
(0.033) (0.100) (0.142) (0.072) (0.001)
Average HDD (dry season) 0.249* 0.356 0.872* 0.260 0.775%**
(0.145) (0.381) (0.515) (0.299) (0.244)
PRECIPITATION Controls YES YES YES YES YES
EA controls YES YES YES YES YES
Observations 2279 2249 2204 2279 2279
Adjusted R? 0.61 0.68 0.66 0.64 0.55

Standard errors (in parentheses) are clustered at EA level. Temperature is measured in °C and precipitation
in mm.

***p<0.01, **p<0.05, *p<0.1.

The effects of extreme heat on the purchases of cereal, tuber, animal products, and
fruits are presented in columns 2, 3, 4, and 5, respectively of Table From the results,
average HDD has a negative and significant effect on cereal and fruits expenditure during
wet seasons. An extra day of average HDD is associated with 112% and 128% decreases
in cereal and fruits purchases, respectively. On the other hand, we find that the effect
of a change in average HDD on tuber purchases in wet seasons is positive, although not
significant. The results further show a positive effect of extreme heat on cereal, tuber,
animal products, and fruits expenditure in dry seasons. However, while the effects on
tuber and fruits purchases are statistically significant, those of cereal and animal products
are not. Specifically, we find that an extra day of average HDD leads to 87% and 78%
increases in tuber and fruits purchases, respectively.

These results are in line with empirical evidence in the extant literature, which sug-
gests that while the quantity of tubers harvested decreases with extreme heat (Aragon
et al.2021)), households tend to persist in their consumption of staple food items like
tubers while cutting down drastically or even giving up on the consumption of other food
items (Brown et al.[2009} [Jensen & Miller|2008). Besides, the results suggest that house-

holds adjust their purchases in relation to the availability and, consequently, the market
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prices of food items. For instance, since the dry season is generally the harvesting period
in Nigeria, food items tend to be a lot cheaper, stimulating household purchases. To sum
up this subsection, the positive and statistically insignificant effect of extreme heat on
animal product purchases indicate that the purchase and consumption of these products
are not effectively determined by the weather or season. This, in part, is because the
rearing of livestock necessary for the production of the products is not seasonal and less
affected by weather shocks, unlike other farm products (Gerber et al.[2013).

5.2 Robustness Results

Table[5.2) presents the results of the robustness checks of the main results to alternative
specifications. Each row of the table represents a different specification of the model.
However, only estimates of the measure of extreme heat (HDD) are reported.

No Controls: Row 1 in Table re-estimates equation (4.1) with DD and HDD as
the only independent variables. The results show that extreme heat has a negative and
significant effect on the purchase of cereals and fruits in wet seasons. Whereas, in dry
seasons, a change in average HDD has a positive and significant impact on the purchase
of fruits. Generally, we find that the estimates are qualitatively similar to the baseline
estimates, although some effects disappear.

No Controls (Ezcept Precipitation): In Row 2, we replicate Row 1 specification with
the inclusion of the precipitation control to check if the addition of further weather
controls would affect the stability of our results. The results from this specification are
similar to those in Row 1 of Table Ergo, our results are not sensitive to the inclusion
or exclusion of certain controls.

Aggregate Heat Units: Further, we show that our results are robust to changes in
the measure of extreme heat used. We re-analyzed the baseline model using aggregate
DD/HDD in place of average DD/HDD as the measure of extreme heat. The result in
Row 3 of Table 5.2 shows estimates with similar significant signs as our baseline, however,
with larger estimates. The large coefficients are not surprising given the use of aggregate
measure rather than an average in this scenario.

Cluster by State: We re-estimated equation (4.1]) with errors clustered at state level
rather than at EA level. The results presented in Row 4 of Table [5.2) show that our
estimates are broadly consistent with the main specification, though slightly higher in a
few cases.

Outliers Influence: Finally, we checked if our results are driven by outlier households.
These are households with an average of 200,000 Nigerian naira (NGN) worth of annual
food consumption. Purging our data of these households does not undermine the stability
of our estimates, as shown in Row 5. The effects across the different seasons are broadly

similar to those of the original specification, howbeit with slightly higher magnitudes.
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Overall, the results from several sensitivity checks show that our baseline estimates
that measures the impact of extreme heat on Nigerian household food consumption are

largely robust. Therefore, we do not expect large deviations from the baseline estimates.

5.3 Investigating Sources

A disaggregated analysis (by location) of the effect of temperature on consumption is
presented in table [5.3] During the wet season, average HDD is found to have a negative
and significant effect on consumption per capita of households in rural areas. Specifically,
an extra day of average HDD leads to a 54.5% decrease in consumption per capita. In
addition, the result shows that average HDD has a negative and significant effect on the
purchases of cereal and fruits during wet seasons in rural areas. We find no significant
effect for tuber and animal products. In like manner, our results show that extreme heat
during wet seasons has no significant impact on both consumption per capita and food
purchases in urban areas.

During the dry season, we find that extreme heat positively affects consumption per
capita and food purchases in rural areas. For example, a marginal increase in average
HDD is associated with a 52.3%, 138% and 106% increase in consumption per capita,
tuber expenditure and fruits expenditure, respectively, in rural areas during dry seasons.
These results mirror those of Table 5.1} However, for urban areas, the results show that
extreme heat has no statistically significant effect on consumption per capita as well as
the purchases of cereal, tuber, fruits and animal products.

The results above indicate that the effects of extreme heat are almost entirely borne
by those by rural dwellers. In Nigeria, the main occupation for households in rural ar-
eas is agriculture, which serves both as a source of income and consumption. Hence,
changes in climatic conditions such as extreme heat, which tends to affect their agricul-
tural productivity, will also significantly impact the consumption of food products, many
of which are locally grown. On the contrary, urban households have alternative items for
consumption aside the locally cultivated agricultural products, hence may not be signifi-
cantly impacted by the severe changes in temperature, which directly affects agricultural

production.

6 Predicted effects of climate change

This section considers the quantitative effect of projected climate change on Nigerian
household food consumption in the mid-future (2041-2060) and by the end of the century
(2081-2100). Then, we calculate the predicted change in consumption expenditure by
extrapolating the effect of these temperatures on household consumption.

To carry out this task, we adopt a conventional approach widely used in the climate
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econometrics literature. We extrapolate the impact of the regression estimates from
the baseline model on forecasted climatic changes derived from ACCESS.!? Further, we
downscale the projected average temperatures using the technique described in |[Aragén
et al.| (2021), Deschenes & Greenstone| (2007). To estimate the downscaled temperature
change, we add the implied temperature change for each day-location to the associated
daily average temperature in our observed dataset.!> Downscaling climate forecasts is
important to eliminate bias emanating from the GCM’s current climate in some locations,
since observed data and GCM’s historical data for the same period/place may have
different observations.! Finally, we generate the relevant (harmful) degree days for each
period and place from the projected temperature distribution.!®

The projected change in DD and HDD for the entire sample and each division under
both periods is presented in Panel A of Table [6.1] Generally, the increase in average
DD is approximately double in the long run than in the mid-term, while it is triple for
average HDD in both seasons. The increase in average HDD is more pronounced in rural
areas than in urban locations. This discrepancy is more evidenced during wet seasons
than during dry seasons, signifying that some parts of wet seasons would become drier
and hotter as we go further into the century.

Panel B in Table[6.1] presents the predicted effects of projected climate change on food
consumption by Nigerian households. Overall, we find a rise in household food consump-
tion by the mid-century, although this increase appears minimal (0.6%) for consumption
per capita. In terms of magnitude, we find that as extreme temperatures increase, house-
holds would consume more of tuber and fruits and less of cereals, as shown in column 4.
In line with the findings of Aragon et al., 2019 that reported extreme heat increases the
quantity (in absolute and relative terms) of tubers harvested. This could drop the price in
the market and therefore increase the consumption of tubers. We also find heterogeneous
responses to future heating across locations. For example, while consumption is expected
to increase due to changes in HDD in rural areas, it is falling in the urban areas (except
for fruits consumption). These heterogeneous changes widen as we move further into the
century, as shown in columns 5-6.

It is significant to state some caveats at this point. One key assumption in the use of
climate models for future predictions is the ceteris paribus assumption. Put differently,
we assume that only climate (ADD, AHDD), and nothing else, changes. Hence, we
have masked the possibility of future adaptation or mitigation, which could modify the

overall effects. Consequently, our results should be interpreted as the upper boundary of

12This GCM has been described in subsection

13Implied temperature change by the middle of the century is calculated as the difference between
average over 2041 - 2061 and a historical period (1981 - 2010) average. For the end of the century, similar
calculation holds for 2081 - 2100

14See Burke et al| (2015), Auffhammer et al.| (2013)) for more on this issue.

15We assume similar thresholds here as in the baseline model.
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what the effect of extreme heat on consumption expenditure among Nigeria households

might look like in the future.

7 Conclusion

Our study sheds light on an important linkage between variation in extreme tem-
perature and welfare through the effect on consumption expenditure. Existing studies
show that small-scale farmers respond to extreme weather shocks through productive
adjustments in non-tradable inputs to attenuate the impact of extreme weather shocks.
This interpretation is consistent with predictions of producer-consumer models in the
presence of incomplete markets (Aragon et al[2021, Taylor & Adelman [2003| De Janvry
et al.[1991).

Although important, non-tradable inputs such as land and family labor account for
a less share of productive inputs used by small-scale farmers for abating the effect of
weather shocks. Accounting for purchased intermediates such as fertilizers, irrigation
water, and drought and heat-resistant varieties would give a broader effect of weather
shocks on production and the plausible effect on welfare. One way is to raise the cost
of production, which is transmitted through higher food prices and observed by rising
expenditure during the dry seasons. Already, local food production in many parts of Sub-
Saharan Africa is vulnerable to interannual weather variation, creating a sharp seasonal
variation in food prices. The additional cost due to mitigating practices of extreme
weather events could limit the ability of poor farmers to grow enough food, aggravate
price variability, and worsen the purchasing power of net food buyers. On the other
hand, since production responds sharply to food demand, the price rise could provide an
opportunity for increased food production and improve the welfare of net food suppliers.

We examine how consumption expenditure responds to interannual variation on hot
days using the Nigerian General Household Survey data. After conditional on the sea-
sonality in agricultural production and other zone-time specific trends, we find that an
additional average harmful degree day (HDD) is associated with a fall in consumption
expenditure during the wet season but increased during dry seasons. These findings are
consistent with the fact that the mitigating practices during the dry season for extreme
temperatures could aggravate the prices of food staples. However, extreme heat does not
significantly affect expenditure in urban areas compared to rural households. This finding
is in tandem with the studies showing that climate shock will make rural households in
developing countries more vulnerable and more affected than urban-based households.

Similarly, we find evidence of consumption substitution that prioritizes the consump-
tion of important staples. These results have important policy implications. The most
obvious is that the pattern of impact carries different weights depending on seasonality,

location of households, and types of food commodity. More poor people generally appear
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to be net food consumers and live in rural areas. Without food subsidy or compensated
income, this category of people may be harder hit by extreme weather events due to
a fall in their purchasing power. The afore statement contrasts studies that show that
many rural households gain from higher food prices, suggesting that the overall impact
on poverty remains negative (Ivanic & Martin|2008]). For instance, |Aragon et al.| (2021)
show that Peruvian farmers use productive adjustments, such as changes in input use, as
strategies to attenuate drops in output and consumption. However, because farming in
Sub-Saharan Africa is majorly rain-fed, weather variability will continue to impact the
ability of local producers to meet up with demand, particularly during the inventory-
scarce dry months (Brown et al.[2009). Due to data limitations, we cannot exhaust other
key aspects to understanding questions raised in this study. First, we cannot observe the
prices of food commodities; only the total amount spent on food and non-food expendi-
ture is used. Second, common to other recent studies of the climate economics literature
(e.g., Deschenes & Greenstone| (2007)), we can only observe the impact of short-term

weather shocks, not climatic changes.
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