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Abstract
This paper uses multiple rounds of panel data to assess the distributional
implications of the variability in agricultural productivity in Nigeria and
Uganda. It uses both a conventional decomposition and a regression-based
inequality decomposition approach to estimate the impact of climate-induced
variability in agricultural productivity. To mitigate the endogeneity associated
with unobserved time-invariant and time-variant household fixed effects, we use
rainfall shocks as a proxy for estimating the exogenous variability in agricultural
productivity that affects consumption. Results suggest that a 10% increase in the
variability of agricultural productivity tends to decrease household consumption
by 3.7 and 5.2% on average for Nigeria and Uganda, respectively. Controlling
for other factors, variability in agricultural productivity contributed to between
25% and 43% of consumption inequality between 2010 and 2015 for Nigeria;
and 16% and 31% of consumption inequality between 2009 and 2011 for Uganda.
We also show that variability in agricultural productivity increases changes in
consumption inequality over time.
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1 INTRODUCTION

Economic inequality can hamper economic growth, hurt
social cohesion, sometimes leading to conflict, and slow
poverty reduction efforts. The benefits of productivity
growth, including those in agriculture, often accrue to
higher income households (Berg, Ostry, & Zettelmeyer,
2012; Marrero & Rodriguez, 2013; Stiglitz, 2012; Thirtle,
Lin, & Piesse, 2003). Growth among the wealthy does not
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always trickle down to the poor. Therefore, the reduc-
tion of inequality is an important development objective
on its own merit (Shepherd et al., 2014). Sub-Saharan
Africa (SSA), in particular, has greater inequality in liv-
ing standards than that seen in any other region except
Latin America and the Caribbean (Okojie & Shimeles,
2006; Sahn & Stifel, 2000, 2003). Inequality in the SSA
region has remained high over the past two decades, with
regional Gini coefficient indices of 0.52 in 1993 and 0.56 in
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2008 (Beegle, Christiansen, Andrew, & Isis, 2016). Rising
inequality may reflect a lack of economic opportunity and
may itself limit the growth potential of economies by not
allowing all economic agents to fully exploit new opportu-
nities (Marrero, Rodríguez, & van der Weide, 2016).
For many rural households, improving agricultural pro-

ductivity growth is considered the key pathway out of
poverty (Binswanger & Townsend, 2000; Christiaensen,
Demery, & Kuhl, 2011; Collier & Dercon, 2014; Diao,
Hazell, & Thurlow, 2010). Agricultural growth consistently
has been shown to be more effective in reducing poverty
than comparable growth in other economic sectors (Gollin,
Parente, & Rogerson, 2002; Irz & Tiffin, 2006; Ravallion
& Datt, 1996). Its impact on poverty is both direct, flow-
ing immediately from growth in agriculture by raising real
incomes of poor farm (and nonfarm) households, and indi-
rect, due to increasing agricultural output inducing job
creation in upstream and downstream nonfarm sectors in
response to higher domestic demand (Christiaensen et al.,
2011; Collier & Dercon, 2014; Diao et al., 2010; Gollin,
Lagakos, & Waugh, 2014).
Despite the important role and impacts of agricultural

productivity growth on poverty reduction, the effects of cli-
mate change, such as droughts, lower or erratic rainfall,
and shorter rainy seasons, are adversely affecting agricul-
tural production in Africa. Over the next decade, Africa
could face a near double-digit reduction in crop yields
and production volumes (Havlík et al., 2015). Although
accurately predicting the effects of climate change on
farming systems is difficult, the relevant literature sug-
gests greater variability in agricultural production and a
potential decline in crop productivity across SSA (Amare,
Jensen, Shiferaw, & Cisse, 2018; Fisher et al., 2015; Rippke
et al., 2016). More precisely, rainfall shocks have nega-
tively affected inclusive growth in SSA, and, in particular,
have harmed agricultural productivity, affecting consump-
tion and increasing economic inequality between house-
holds and individuals (Belloumi, 2014; Rippke et al., 2016).
Agricultural productivity shocks are considered impor-
tant determinants of rural income inequality, even though
direct evidence to support this conclusion is relatively
scarce.
That said, variability in agricultural productivity may

not necessarily contribute to inequality if other factors
can compensate for the economic difficulties it causes.
For example, if labor, capital, and other factors are highly
mobile, factor markets can help mitigate climate-induced
agricultural productivity shocks on economic inequality
across space. As the contributions of nonfarm economies
rise in SSA countries, off-farm incomes increasingly may
be able to mitigate the effects of agricultural produc-
tivity shocks, even among households (Dorosh & Thur-
low, 2016; Oseni & Winters, 2009). Furthermore, infor-

mal risk-sharing and credit lending or borrowing prac-
tices common in rural Africa have mitigated some of the
effects of limited access to formal sector financial mar-
kets. In such settings, whether and to what extent hetero-
geneity in agricultural productivity shocks contributes to
consumption inequality becomes an important research
question.1
To provide insights into this question, we use three-

wave panel data from the living standards measurement
study—integrated surveys on agriculture (LSMS–ISA) for
Nigeria and similar survey data from Uganda to examine
the impact of agricultural productivity shocks on house-
hold consumption and inequality. By using two coun-
tries where a level of inequality that is higher than the
average inequality for SSA countries, we provide cross-
country analysis and insights on the impact of variability in
agricultural productivity on consumption and inequality.
Using georeferenced and nationally representative house-
hold panel data from theLSMS–ISAdatasets for both coun-
tries, we merge these panel data with satellite-based long-
term precipitation data. We use rainfall shocks as a proxy
for estimating the exogenous variability in agricultural pro-
ductivity that affects consumption. We believe that rain-
fall shocks are a suitable proxy to predict the exogenous
variability in agricultural productivity which affects con-
sumption in both countries, as their agricultural produc-
tion activities are predominantly rainfed. We also exploit
panel data to explore the impact of variability in agricul-
tural productivity on changes in the consumption inequal-
ity over time.
We find that a negative rainfall shock decreases agricul-

tural productivity by 6% and 30% in Nigeria and Uganda,
respectively. This is high but reflects the reliance of small-
holder agriculture on seasonal rainfall patterns in these
countries. A 10% increase in the variability of agricultural
productivity tends to decrease household consumption by
3.7% and 5.2% on average for Nigeria and Uganda, respec-
tively. Controlling for other factors, variability in agricul-
tural productivity contributed to between 20% and 43%
of the consumption inequality for Nigeria from 2010 to
2015; and 16–31% of the inequality for Uganda from 2009
to 2011. We also show that variability in agricultural pro-
ductivity increases the change in consumption inequality
over time. Furthermore, we find that agricultural produc-
tivity shocks accelerate changes in consumption inequal-
ity over time. In Nigeria, variability in agricultural produc-
tivity increased the change in consumption inequality by

1We measure agricultural productivity through analysis of land produc-
tivity. We measure agricultural productivity as the real net crop income
per hectare (ha). Net crop income is the cost of agricultural production
and the proceeds from total value of harvest, from which we computed
net crop income (calculated as gross crop income minus variable crop
production costs).
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35% between 2010 and 2015. In Uganda, variability in agri-
cultural productivity increased the change in consumption
inequality by 29% between 2009 and 2011.
Our study contributes to the literature along several

dimensions: First, it provides important insights into
consumption inequality, a factor that has not been widely
investigated as the existing literature often focuses on
income inequality. This focus on consumption rather than
on income is important because consumption often is
more directly linked to household utility. Consumption
measured as expenditures, as in this case, tends to be a
better indicator of true incomes as compared to reported
incomes (Deaton, 1995). The broader category of “income”
may not necessarily capture the informal risk-sharing or
credit markets that often mitigate the effects of income
shocks on consumption.
Second, our study investigates the direct role of variabil-

ity in agricultural productivity on consumption inequal-
ity. In explaining the key drivers of inequality, past stud-
ies have focused on many different elements, including
resource endowments (land, capital), asset endowments,
access to physical infrastructure (Jacoby, 2000), financial
markets, human capital, and access to health services
(Binswanger & Deininger, 1997). However, these factors
are only indirectly associated with the heterogeneity in
climate-induced agricultural productivity shocks. Conse-
quently, a more direct evaluation of this variability in agri-
cultural productivity is valuable.
Third, we use a fixed-effects instrumental variable

(FE-IV) method by using rainfall shocks as a proxy for
estimating the exogenous variability in agricultural pro-
ductivity that affects consumption to mitigate the endo-
geneity attributable to both unobserved time-invariant and
time-variant household fixed effects. This approach allows
interesting cross-country analyses that offer insights on the
impact of variability in agricultural productivity on con-
sumption and inequality.
The remainder of the paper is organized as follows. Sec-

tion 2 presents the conceptual and measurement issues on
variability in agricultural productivity and consumption
inequality. Section 3 discusses data issues and the key vari-
ables used for the analysis. Section 4 focuses on the empiri-
calmodel and the identification strategy adopted. Section 5
presents the empirical results, followed by a concluding
section that highlights our main findings and their policy
implications.

2 CONCEPTUAL FRAMEWORK

In a perfect labor market setting, labor can move freely
across locations or between sectors so that the marginal
productivity of labor (e.g., equal characteristics, skill lev-

els) is equalized across households. Similarly, with a per-
fect market for land, factors are allocated accordingly
across locations so that the marginal productivity of land
(of the same quality) is equalized across households.
However, because developing countries like Nigeria and
Uganda often have imperfectmarkets, households are sub-
ject to productivity differences in labor and land, with
rainfall shocks causing persistent variations across house-
holds in terms of farm labor and land productivity. We
may assume that the utility from consumption (includ-
ing the discounted utility) is the same across households
if the households have the same observed characteris-
tics and the same degree of risk aversion. If local credit
and insurance markets are perfect, variability in agricul-
tural productivity should not affect households’ consump-
tion and inequality. In such a situation, households will
transfer incomes across time and consume up to the level
where their marginal utility of consumption equals the
(shadow) current prices of goods; if the markets for con-
sumption goods also are perfect, these levels should be
equal across households. However, because countries like
Nigeria and Uganda often have imperfect markets, farm
variability in agricultural productivity translates into con-
sumption change across households, even after controlling
for their observed characteristics.
A large share of the SSA population lives in rural areas

and depends on rainfed agriculture for their livelihoods—
according to the World Bank (2014), more than 60% of
the total labor force and more than 75% of the poor
in SSA countries depend on agriculture for their liveli-
hoods. With such a sizeable portion of the rural pop-
ulation involved in agriculture, raising the agricultural
productivity of the poorest households, which typically
have low productivity, is critical for reducing inequality
among farmers (Christiaensen et al., 2011; Datt & Raval-
lion, 1998; Ravallion & Datt, 1996; Thirtle et al., 2003).
At the same time, climate and other natural conditions
in SSA countries are highly diverse and lead to a het-
erogeneity of livelihood strategies, with highly diversified
subsistence agriculture in marginal and remote areas and
input-intensive farming in more accessible regions (Jalan
& Ravallion, 2004). In such circumstances, resource-poor
farmers bear the high cost of rainfall shocks and may find
it difficult to adopt productivity-enhancing technologies
and inputs or to diversify into high-value commodities
(Amare, Asfaw, & Shiferaw, 2012; Dercon & Christiaensen,
2011; Hellmuth, Osgood, Hess, Moorhead, & Bhojwan,
2009; Shiferaw, Kebede, Kassie, & Fisher, 2015). Indeed,
inequality may be aggravated if the improved productiv-
ity of wealthier farmers depresses local crop prices in
ways that substantially reduce the agricultural incomes
of poorer farmers (Collier & Dercon, 2014; Dercon &
Gollin, 2014). Thus, the impact of variability in agricultural
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22 AMARE et al.

productivity on consumption inequality depends on
households’ risk-bearing capacities, level of market inte-
gration, level of assets, and perceptions of rainfall variabil-
ity (Dercon & Christiaensen, 2011).
For empirical purposes, we assess the effect of variabil-

ity in agricultural productivity on household consumption
and inequality by estimating the following points: (1) the
impact of rainfall shocks on variability in agricultural pro-
ductivity, (2) the effect of variability in agricultural pro-
ductivity on household consumption, and (3) the effect
of variability in agricultural productivity on consumption
inequality at a given point in time and on changes in con-
sumption inequality over time.

3 DATA SOURCES AND SUMMARY
STATISTICS OF KEY VARIABLES

We first discuss the data sources, descriptive results, and
the key variables used for the analysis. We then present the
overview of rural consumption inequality in Nigeria and
Uganda.

3.1 Data sources and descriptive results

The study uses high-quality panel household survey
datasets from the Uganda and Nigeria LSMS–ISA, rep-
resenting the years 2009/2010, 2010/2011, and 2011/2012
for Uganda, and 2010/2011, 2012/2013, and 2015/2016 for
Nigeria. The LSMS–ISA datasets are nationally represen-
tative, and the significant uniformity in the survey instru-
ments used for both countries offers a unique opportu-
nity for cross-country comparison. These datasets include
detailed information on demographic and household char-
acteristics, household shocks, assets, agricultural produc-
tion, nonfarm income and other sources of income, alloca-
tion of family labor, hiring of labor, access to services such
as fertilizers and agricultural extension, and detailed data
on aggregate annual consumption. The agriculture mod-
ule, among others, contains information on agricultural
and livestock production, farm technology, use of modern
inputs, and productivity of crops and livestock.
The LSMS–ISA datasets include georeferenced infor-

mation related to households and plots that allow us to
link any number of satellite-based precipitation datasets
to households. We merge these panel data with satellite-
based spatial data on precipitation. Long-term precipi-
tation data came from the daily Africa Rainfall Clima-
tology Version 2 (ARC2) of the National Oceanic and
Atmospheric Administration’s Climate Prediction Center
(NOAA-CPC) summed be 10-day period and corrected for
possible missing daily values (Novella & Thiaw, 2013).

Satellite-based long-term precipitation data is a better
option than gauge measurements as satellite-based pre-
cipitation data are less likely to suffer from classical or
nonclassical measurement errors caused by the sparse-
ness and number of operating gauge stations (Amare
et al., 2018; Björkman-Nyqvist, 2013; Brückner & Ciccone,
2011; Macinni & Yang, 2009; Rocha & Soares, 2015). The
rainfall season typically extends from early May through
late October for northern Nigeria and from early March
through October for southern Nigeria. The rainfall season
for Uganda typically extends from January to July.
We created a measure of rainfall anomalies during the

rainy season by first calculating the average total rain-
fall across the rainy months for each country and geo-
referenced household for a 30-year period (e.g., Amare
et al., 2018; Björkman-Nyqvist, 2013; Macinni & Yang,
2009; Rocha & Soares, 2015). We then calculated z-scores
for each year’s rainy season rainfall based on deviations
from the long-term mean. We construct rainfall shocks
from standardized deviation of a given year’s precipita-
tion during the rainy season from historical averages using
a standardized anomaly index (SAI) as a proxy for the
exogenous variability in agricultural productivity. From
the SAI, we construct a dummy variable designed to cap-
ture extreme events. A negative rainfall shock is a dummy
variable used if themetrics indicate a level of rainfall that is
one standard deviation below the long-termmean. A posi-
tive rainfall shock is a dummy variable used if the metrics
indicate a level of rainfall that is one standard deviation
above the long-term mean.
Since our objective is to explore how climate-induced

variability in agricultural productivity will affect house-
hold consumption and inequality, we restrict the data to
farm households that planted crops and for which data
on rainfall is available at the household level. This pro-
cedure results in a balanced panel of 2,889 farm house-
holds for three waves of panel data in Nigeria and 1,750
farm households for three waves of panel data in Uganda.
Our key variables of interest are rainfall shocks, variability
in agricultural productivity, household consumption, and
consumption inequality.
Table 1 reports the mean values for agricultural produc-

tivity; household consumption; net real income; 2 demo-
graphic characteristics; wealth indicators, which include
land, livestock, and the value of total assets; and rainfall
shocks. We measure consumption and wealth indicators
using real purchasing power parity (PPP) in U.S. dollars
(USD), with the regional consumer price index reflecting

2 Net real income is computed from net agricultural returns to land and
family labor, household income from nonfarm income (both nonfarm
wage and nonfarm self-employment), and remittances adjusted using the
regional consumer price index to 2010 PPP.
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TABLE 1 Descriptive statistics of variables used in econometric analysis by country, pooled

Nigeria Uganda
Variable Mean SD Mean SD
Real consumption per adult equivalent (purchasing
power parity in U.S. dollars [PPP USD])

1,174.55 1,968.14 561.39 724.72

Agricultural productivity—real net crop income per
hectare (PPP USD)

3,441.39 7,582.58 1,956.43 3,726.62

Family size (adult equivalent) 5.19 2.55 6.64 3.00
Female headed household (female = 1) 0.14 – 0.29 –
Educational attainment of household head (years) 5.79 5.63 2.12 3.94
Age of household head (years) 51.39 13.52 47.89 14.84
Own landholding size (ha) 0.41 9.06 1.06 1.48
Value of total assets (PPP USD) 589.01 1,209.27 2,293.32 3,092.38
Livestock owned (Tropical Livestock Units) 0.38 4.50 0.39 0.79
Real net agricultural income (PPP USD) 1,968.58 3,519.74 1,100.85 2,195.62
Real wage income (PPP USD) 338.37 7877.13 72.06 238.58
Real self-employment income (PPP USD) 700.05 8,945.81 145.74 431.74
Real remittances/transfers (PPP USD) 15.23 503.49 81.26 343.89
Total real income (PPP USD) 3,022.23 4,851.39 1,798.58 3,028.42
Fertilizer use (yes = 1) 0.42 – 0.20 –
Pesticides and herbicides use (yes = 1) 0.26 – 0.15 –
Access to extension (yes = 1) 0.08 – 0.11 –
Access to finance (yes = 1) 0.01 – 0.04 –
Distance to all-weather road (kilometers) 10.54 13.40 8.11 7.31
Rainfall deviation from mean—standardized score of
deviation from long-term mean

0.29 0.81 0.12 1.55

Negative rainfall shock (NRS = 1): level of rainfall at
least one standard deviation below long-term mean

0.19 0.48 0.37 0.48

Positive rainfall shock (PRS = 1): level of rainfall at
least one standard deviation above long-term mean

0.18 0.40 0.44 0.50

Observations 8,667 5,250

Note: Household consumption measures are computed in purchasing power parity in U.S. dollars (PPP USD).
Source: Based on LSMS–ISA surveys in Nigeria and Uganda.

2010 PPP and per adult equivalent unit (AEU). The aver-
age consumption per AEU in PPP is USD 1,175 in Nigeria
and USD 561 in Uganda. The average agricultural produc-
tivity, measured in term of net crop income per hectare
(ha), isUSD 3,441 per ha inNigeria andUSD2,033 per ha in
Uganda. Table 1 also reports descriptive results on commu-
nity characteristics and access to extension, infrastructure,
financial institutions, and information.

3.2 Overview of rural consumption
inequality

This subsection presents an overview of the consump-
tion inequality measured in consumption per AEU for
both countries. Table 2 reports some preliminary findings
about potential correlations between land productivity and

household income by income quintiles. The results indi-
cate that average income correlates with average agricul-
tural productivity. Households with the highest incomes
have higher agricultural productivity in both countries.
Table 3 presents consumption per AEU and the percent-

age annual change in mean consumption by quintile for
both countries and for each survey year. Although mean
consumption for both the bottom- and top-quintile house-
holds in Nigeria increased significantly, the top-quintile
households experienced substantially higher mean con-
sumption growth rate, 5% per year, as compared to 0.7%
annually for bottom-quintile households during the period
2010–2015. For Uganda, the results indicate thatmean con-
sumption declined for bottom-quintile households during
the period 2009–2011, whereas mean consumption for top-
quintile households grew significantly by 1.5% per year
during the same period.
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TABLE 2 Agricultural productivity by household income quintile (real net crop income per hectare, PPP USD)

Nigeria Uganda
Income quintile Observations Mean Standard deviation Observations Mean Standard deviation
Poorest 1,733 699 1,328 1,050 1,655 3,277
2 1,733 2,242 5,830 1,050 1,687 3,112
3 1,734 3,234 7,056 1,050 1,999 3,783
4 1,733 4,196 8,207 1,050 2,052 3,939
Wealthiest 1,734 6,971 10,488 1,050 2,344 4,386

Source: Based on LSMS–ISA surveys in Nigeria and Uganda.

TABLE 3 Real consumption per adult equivalent by household consumption quintile in Nigeria and Uganda, PPP USD

NIGERIA Pooled 2010 2012 2015

Annualized percentage
change in mean
(2010–2015)

Poorest 365 354 377 366 0.67***
2 620 620 624 616 −0.10
3 869 875 867 867 −0.20
4 1,215 1,217 1,209 1,221 0.07
Wealthiest 2,803 2,252 3,230 3,002 4.99***
Observations 8,667 2,889 2,889 2,889

UGANDA Total 2009 2010 2011

Annualized percentage
change in mean
(2009–2011)

Poorest 171 182 170 178 −0.45
2 288 294 286 287 −0.48***
3 414 418 414 409 −0.44
4 603 610 593 601 −0.30
Wealthiest 1,332 1,298 1,342 1,401 1.47***
Observations 5,250 1,750 1,750 1,750

Note: Standard errors, clustered at the enumeration area, are given in parentheses.
Source: Based on LSMS–ISA surveys in Nigeria and Uganda.
*** p < .01.
** p < .05.
* p < .10.

Table 4 summarizes estimates of inequality for both
countries. To provide a complete ordering of distribu-
tions and to assess the robustness of trends observed, we
report consumption inequality using several indices. These
include percentile ratios, generalized entropy (GE) indices,
and the Gini coefficient for 2010, 2012, and 2015 for Nigeria
and for 2009, 2010, and 2011 for Uganda.
The results showan increase in inequality for both coun-

tries over the respective periods across almost all inequal-
ity measures. Inequality of consumption increased in both
countries, especially for consumption in the upper tail of
the consumption distribution, as GE (2) shows. Although
inequality of consumption increased in both countries, it
remained consistently lower in Nigeria as compared to
Uganda. Based on the Gini index, consumption inequality
in Nigeria grew by 3.1% per year from 2010 to 2015, while
in Uganda it grew by 2.5% per year from 2009 to 2011.

The rise in consumption inequality over the reference
periods in both countries also can be seen in the outward
shifts and increase in overall consumption inequality in
the Lorenz curves in Figures 1 and 2.3 A possible explana-
tion for the rising consumption Gini coefficients are barri-
ers to participation in high-return activities by households
in themiddle- and lower-income quintiles that make it dif-
ficult for these households to accumulate assets.
The next section examines the factors that contributed

to increasing consumption inequality over the period
using both a conventional decomposition and a regression-
based inequality decomposition approach (Cowell &
Fiorio, 2011).

3 The Lorenz curve represents the functional relationship between the
cumulative proportion of consumption and the cumulative proportion
of expenditure units, assuming that consumption units are arranged in
ascending order of consumption.
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26 AMARE et al.

F IGURE 1 Lorenz curves for household
consumption in Nigeria by year [Color figure can be
viewed at wileyonlinelibrary.com]
Source: Based on LSMS–ISA surveys in Nigeria.

F IGURE 2 Lorenz curves for household
consumption in Uganda by year [Color figure can be
viewed at wileyonlinelibrary.com]
Source: Based on LSMS–ISA surveys in Uganda.

4 EMPIRICAL STRATEGIES AND
IDENTIFICATION

Here, we first discuss empirical approach to estimating the
impact of variability in agricultural productivity on house-
hold consumption while in the second section, we present
both a conventional decomposition and a regression-based
inequality decomposition approach.

4.1 Variability in agricultural
productivity and household consumption

This section presents our empirical approach to estimat-
ing the impact of variability in agricultural productivity
on household consumption and inequality. We follow pre-

vious research to guide our choice of control variables
(e.g., Dercon & Christiaensen, 2011). Building on the pre-
vious section and the research literature, we estimate the
impact of agricultural productivity change on household
consumption using the following consumption function:

ln(𝐶𝑖𝑡) = 𝛾1 ln(Y𝑖𝑡) + 𝛽𝑥 ln (𝑋𝑖𝑡) + 𝜍𝑖 + 𝜂𝑖𝑡 (1)

where ln(𝐶𝑖𝑡) is household consumption measured by the
natural logarithm of the real value of household consump-
tion per AEU. Y𝑖𝑡 captures agricultural productivity mea-
sured as real net crop income per ha on the farm. This vari-
able is expected to have a positive effect on consumption.
Only the downside variability can have a negative effect.
𝑋𝑖𝑡 is a vector of farmandhousehold characteristics includ-
ing household size; sex, education, and age of household
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AMARE et al. 27

head; landholding size, assets, and livestock; and income
from wages, self-employment, and transfers at household
level (𝑖) in year 𝑡. Because similar intrinsic demographic
characteristics can lead to different asset distribution pat-
terns, a household fixed effect, 𝜍𝑖 , is included to control for
time-invariant unobserved household characteristics. 𝜂𝑖𝑡 is
the error term, for which the strict exogeneity condition
is assumed to hold. It is independently and normally dis-
tributed with zero mean but potentially heteroskedastic.
However, agricultural productivity is endogenous and

can be expected to be simultaneously determined with
household consumption. Agricultural productivity also is
expected to be correlated with unobserved heterogeneities
(unobserved variation in plot characteristics, managerial
skills, or ability), which may affect household consump-
tion. Thus, an ordinary least squares (OLS) estimation of
Equation (1) may produce biased estimates of the variable
of interest, such as variability in agricultural productivity
(Angrist & Evans 1998).
To address this, we apply a fixed-effects instrumental

variable (FE-IV) approach to identify the exogenous
component of variability heterogeneity in agricultural
productivity. The idea is to find the part of agricultural
productivity affected only by the weather shocks and thus
embodies only exogenous variation in agricultural produc-
tivity which affects consumption. In regions where a large
share of the population lives in rural areas and depends on
rainfed agriculture for their livelihoods, deviation of rain-
fall from the long-termmean in respective survey years has
a marked impact on the livelihoods of farmers and can be
a plausible instrument for predicting agricultural income
growth. We follow a similar procedure and constructed
rainfall shocks from standardized deviation of a given
year’s precipitation during the rainy season from long-
term averages using a standardized anomaly index (SAI).
We complement the household FE estimates with an IV
regression to control endogeneity related to unobserved
heterogeneities. Studies seeking to exploit some exogenous
variation in agricultural productivity have proposed instru-
ments constructed from historical rainfall data (Amare
et al., 2018; Björkman-Nyqvist, 2013; Brückner & Ciccone,
2011; Macinni & Yang, 2009; Rocha & Soares, 2015).4

4 The alternative approach is to use the Chamberlin correlated random
effect estimator. However, in the recent literature (e.g., Ricker-Gilbert,
Jayne, & Chirwa, 2011; Takeshima & Nkonya, 2014), the Chamberlin cor-
related random effect estimator has been used more in the models deal-
ing with binary or censored dependent variables, for which standard FE
methods are infeasible or lead to inconsistent results due to incidental
parameter problems. In our case, this issue is of less concern since our
dependent variables are continuous, noncensored variables. In addition,
our analyses focus on the effects of time-variant covariates and do not
require information regarding coefficients on time-invariant covariates.

We exploit the exogenous variation in agricultural pro-
ductivity generated by the rainfall shocks and estimate the
following two-stage FE-IV approach:

ln(𝑌𝑖𝑡) = 𝛽0 + 𝛽1 ln (𝑋𝑖𝑡) + 𝛽3W𝑖𝑡 + 𝜈𝑖 + 𝜀𝑖𝑡 (2)

ln(𝐶𝑖𝑡) = 𝛾0 + 𝛾1ln(Ŷ𝑖𝑡) + 𝛾2 ln (𝑋𝑖𝑡) + 𝜍𝑖 + 𝜂𝑖𝑡 (3)

where Equation (2) is the first-stage regression and
Equation (3) is the second-stage regression. W𝑖𝑡 is a vec-
tor of negative and positive rainfall shocks at household
level (𝑖) in year 𝑡. 𝜈𝑖 stands for the inclusion of household
fixed effects in the first stage. Ŷ𝑖𝑡 is the predicted value of
the climate-induced variability in agricultural productiv-
ity proxied using the standardized rainfall deviations Wit.5
Other notations are similar to those in Equation (1).
One concern about the validity of our instruments is that

rainfall shocks also could affect nonfarm activities and be
correlated with non-farm activities and local prices, which
may directly affect households’ consumption. Tominimize
the problem, we control for household income from non-
farm activities, household wealth indicators, and commu-
nity variables in both equations. We also use real values
(using the regional consumer price index) of all income
sources, as these values can control the price effect of rain-
fall on our key dependent variable. Thus, we assume here
that after we control for a wide range of household vari-
ables, rainfall shocks influence consumption indirectly via
agricultural productivity.

4.2 Variability in agricultural
productivity and consumption inequality

After identifying the impact of climate-induced variabil-
ity in agricultural productivity on household consump-
tion, we employ both a conventional decomposition and
a regression-based inequality decomposition analysis to
explore the impact of variability in agricultural produc-
tivity on consumption inequality. Specifically, we investi-
gate the impact of variability in agricultural productivity
on consumption inequality at a given point in time and
changes in inequality to investigate possible changes over
time.

5 Ŷit can be interpreted as “the predicted value of the climate-induced
variability in agricultural productivity” proxied (or is this instrumented)
using the standardized rainfall deviationsWit. Note thatY𝑖𝑡 is the agricul-
tural productivity measured as real net crop income per ha on the farm.
Depending on negative or positive deviations in year t, the predicted value
would be the projected real net crop income under that weather outcome.
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28 AMARE et al.

The conventional approach to inequality decomposition
typically decomposes the total inequality by either popu-
lation groups or factor components, both of which provide
limited information on the determinants of consumption
inequality. Moreover, these approaches are unable to con-
trol for other factors when trying to identify and measure
the contribution of a particular variable (Bourguignon,
Fournier, & Gurgand, 2001; Cowell & Fiorio, 2011; Fields,
2003; Naschold, 2009; Shorrocks, 1999). Recent applied
work has reawakened interest in inequality decomposition
by focusing on the use of regression-based approaches to
avoid some of the restrictions of the traditional methods
(Blinder, 1973; Bourguignon et al., 2001; Juhn, Murphy, &
Pierce, 1993; Oaxaca, 1973). We first use regression-based
decomposition to investigate the impact of variability in
agricultural productivity on consumption inequality at
a given point in time. Second, we use regression-based
decomposition to examine the impact of variability in
agricultural productivity on changes in consumption
inequality over time.
Regression-based inequality decomposition methods

also allow for quantification of the effects of variables
on consumption inequality and enable the inclusion of
factors that may drive the observed inequality, such as
demographic variables, wealth indicators, and access to
credit and input use (Brewer & Wren-Lewis, 2016; Cowell
& Fiorio, 2011; Halvarsson, Korpi, & Wennberg, 2018). We
adopt the Fields decomposition method (Fields, 2003) to
identify the impact of variability in agricultural productiv-
ity on consumption inequality after controlling for other
factors. This method yields an exact additive decomposi-
tion of any inequalitymeasure into its contributory factors.
Indeed, the decomposition of a given inequality measure
through a regression-based method, combined with the
Fields approach, assesses the contributions of our main
interest variables and a set of other factors, the sum of
which accounts for the inequality indicator. Nevertheless,
the Fields method has some limitations. For example, the
functional form for the income-generating function must
be log-linear. However, given that our model is log-linear,
this is not a major limitation for our analysis.
Using the Fields method, we begin with the consump-

tion function specified in Equation (2). The explanatory
variables include variability in agricultural productivity,
household demographic, andwealth indicators, and access
to credit and input use. The results of the estimation of
the determinants of household consumption function are
then used to disentangle the contribution of variability in
agricultural productivity and other factors to consumption
inequality.
The contribution of the independent variables to dis-

tributional change is then expressed as a function of the
size of the coefficients of the consumption equation and

the magnitude of the change in the variable relative to the
variation in consumption inequality. This allows us to esti-
mate the percentage contribution of the flow of consump-
tion inequality accounted for by explanatory variables (z𝑘 )
(which contain 𝑌, 𝑋, and 𝐻) to consumption inequality,
using the following relative factor inequality weight (k)
identity:

𝜎2
𝐶
=

𝑘−1∑
𝑘=1

𝜎𝛾𝑘𝑧𝑘 ,𝐶 + 𝜎𝜂,𝐶 (4)

where 𝜎2
𝐶
, 𝜎𝛾𝑘𝑧𝑘 ,𝐶 , and 𝜎𝜂,𝐶 are the variance of the log-

consumption indicator, the covariance of 𝛾𝑘z𝑘 and C, and
the covariance of the residuals (𝜂) and C. Empirically, the
relative factor inequality weight for factor k using the OLS
estimate of the coefficient of the determinants of the con-
sumption function is given as:

𝑠𝑘 =
𝜎𝛾𝑘𝑧𝑘 ,𝐶

𝜎2
𝐶

=
𝛾𝑘 ⋅ 𝜎𝑥𝑘 ⋅ 𝜎𝑥𝑘,𝐶

𝜎𝑦
(5)

The term 𝑠𝑘 is also known as the “factor inequality
weight.” The sign of 𝑠𝑘 indicates whether the income flow
from z𝑘 is inequality increasing or decreasing. If 𝑠𝑘 = 0,
the consumption inequality from factor k is as equal or as
unequal as the total consumption inequality. As a result,
factor k has no impact on total inequality.6 The regression
error shows how much of total consumption inequality
remains unaccounted for by the income flows fromendow-
ments denoted by the explanatory variables. Fields (2003)
argues that the relative contribution of a factor to overall
inequality is invariant to the choice of inequality measure
under six axioms proposed by Shorrocks (1982). Hence,
the contribution of an individual factor to consumption
inequality is simply 𝑠𝑘 ⋅ 𝐶. The residuals are treated as
another factor whose coefficient is one ( 𝛾𝑘 = 1). Factors
are composed of residuals (Kth factor) and (K − 1) exoge-
nous variables, excluding the constant in Equation (5).
Accordingly, given that our fourth objective is to inves-

tigate the impact of variability in agricultural productivity
on the change in consumption inequality, we use the Fields
method (Fields, 2003) to calculate the contribution of z𝑘 to
the total change in consumption inequality between time
periods. The key advantage in using multiple rounds of

6 The contribution of k to inequality in 𝐶 largely depends on distributions
of 𝑘 in the sample—specifically, the similarity of the distribution of 𝑘with
the distribution of 𝐶. The contribution of k to inequality in 𝐶 likewise
depends on the coefficients 𝛾𝑘 , which is the effect of a marginal change of
k on the expected value of C, conditional on the values of all other 𝑘. 𝛾𝑘 is
assumed to be the same for all farm households in the sample. Thus, 𝑠𝑘 is
largely positive (negative) if k and C are positively (negatively) correlated
and 𝛾𝑘 is positive (negative); and 𝑠𝑘 is largely negative (positive) if k and
C are positively (negatively) correlated and 𝛾𝑘 is negative (positive).
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AMARE et al. 29

panel data is that it makes it easy to examine the impact of
variability in agricultural productivity on changes in con-
sumption inequality over time by looking at changes in
inequality caused by changes in returns to factors and in
the distribution of these factors. Using the variance of the
log of household consumption, 𝜎𝑦 , to measure inequal-
ity, the contribution of z𝑘 to the change in consumption
inequality between two periods, 𝑇0 and 𝑇1, is expressed as:

𝜋𝑘 =
𝑠𝑘𝑇1𝜎

2
𝐶𝑇1

− 𝑠𝑘𝑇0𝜎
2
𝐶𝑇0

𝜎2
𝐶𝑇1

− 𝜎2
𝐶𝑇0

(6)

in which additional subscripts 𝑇1 and 𝑇0 indicate the val-
ues of 𝑠𝑘 and 𝜎2𝐶 , respectively.

5 RESULTS AND DISCUSSION

We first report the results of the first stage estimates of
the impacts of rainfall shocks on agricultural productivity
shocks using the FE model. Supporting Information
Appendix Table A1 presents these results. The first-stage
estimation is mainly used in the later FE-IV analysis
to explain household consumption and inequality. We
find that a negative rainfall shock decreases agricultural
productivity by 6% and 30% in Nigeria and Uganda,
respectively. This is because the negative rainfall shock
directly reduces productivity owing to moisture stress.
In addition, it could pose a crop production risk, which
affects behavior in terms of farm technology adoption and
thus reduces production and productivity in nonirrigated
smallholder systems (Amare & Shiferaw, 2017; Dercon &
Christiaensen, 2011).

5.1 Impact of variability in agricultural
productivity on consumption

Table 5 presents the estimation results regarding the
impact of variability in agricultural productivity on con-
sumption using the FE-IV model for Nigeria and Uganda.
To conduct causal inference on the impact of variability
in agricultural productivity on consumption and inequal-
ity, we need to confirm the relevant and the validity-
identifying assumptions of the instrument. The rainfall
shocks and joint significance test for negative and posi-
tive shocks have a statistically significant (at 1%) impact
on agricultural productivity, which indicates that rainfall
shocks predict variability in agricultural productivity in
both countries. We also check the validity of instruments
using two major misspecification tests: the weak identifi-
cation test and the overidentification tests. The Sargan–
Hansen test is used to test overidentifying restrictions; it

fails to reject the joint null hypothesis that our instru-
ments are valid. We also apply the Hansen specification
test for the endogeneity of agricultural productivity and
reject the null hypothesis that agricultural productivity can
be treated as exogenous. In addition, we computed robust
standard errors to correct for potential heteroskedasticity.
The estimates confirm that variability in agricultural

productivity has a significant and negative impact on per
capita consumption for both countries. Controlling for
other factors, we find that in Nigeria, a 10% increase in the
levels of rainfall-induced agricultural productivity shocks
tended to decrease consumption by 3.7% on average. For
Uganda, a 10% increase in the rainfall-induced agricultural
productivity shocks tended to decrease consumption by
5.2% on average. Similarly, several regression coefficients
are statistically significant, and the signs of the estimated
coefficients are in line with a priori theoretical expecta-
tions. Households with higher livestock, value of asset,
wage, and nonfarm income experience significantly higher
per capita household consumption in both countries.

5.2 Impact of variability in agricultural
productivity on consumption inequality

It has been argued in the relevant literature that additional
insights can be gained by using a conventional decom-
position alongside regression-based “explanatory model”
decompositions (e.g., Brewer & Wren-Lewis, 2016; Cowell
& Fiorio, 2011; Halvarsson et al., 2018). Along these lines,
we use two different decompositions in order to analyze
changes in consumption inequality in Nigeria and Uganda
by subgroup and by using a multivariate regression-based
approach. We use both approaches because each one pro-
vides different insights into what drives inequality. Follow-
ing these earlier studies, we first split the sample into two
groups: a low agricultural productivity change group and
a high agricultural productivity change group to investi-
gate the role of agricultural productivity change on con-
sumption inequality using a decomposition analysis.7 This
allows us to see how inequalities in consumption are
related to agricultural productivity inequality and which
subgroups of the population are affected most by agricul-
tural productivity change inequality.
Table 6 presents the measures of inequality computed

in each low and high agricultural productivity change

7We first split the sample into two groups based on themedian of agricul-
tural productivity change, a low agricultural productivity group defined,
if agricultural productivity change is below the median of agricultural
productivity change and a high agricultural productivity change group if
agricultural productivity change is above the median of agricultural pro-
ductivity change.
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30 AMARE et al.

TABLE 5 Impact of variability in agricultural productivity on consumption–(FE-IV) estimates

Nigeria Uganda
(1) (2)

Dependent variable: Consumption per adult equivalent
Variability in agricultural productivity −0.373** −0.520***

(0.156) (0.106)
Family size −0.059*** −0.200*

(0.015) (0.111)
Female HH head 0.067** −0.081

(0.028) (0.115)
Education of HH head 0.020** 0.027

(0.009) (0.025)
Age of HH head −0.065** −0.022

(0.027) (0.109)
Farm size −0.695* 0.062

(0.415) (0.043)
Livestock 0.111*** 0.244***

(0.035) (0.081)
Value of total assets 0.102** 0.053***

(0.041) (0.014)
Wage income 0.012*** −0.010

(0.004) (0.011)
Self-employment income 0.135*** 0.017*

(0.010) (0.009)
Transfer 0.019* 0.027***

(0.011) (0.010)
Credit use −0.044 −0.132

(0.078) (0.089)
Distance to road 0.008 −0.191

(0.011) (0.141)
Fertilizer −0.030 0.177***

(0.028) (0.059)
Pesticides/herbicides 0.133*** 0.179***

(0.022) (0.067)
Extension 0.046 0.064

(0.029) (0.061)
Constant 6.682*** 9.495***

(0.198) (0.758)
Over identification test of all instruments (Hansen J
statistics): χ2

11.37*** 190.43***

Weak-instrument-robust inference (Stock–Wright LM
S statistic)

27.52*** 178.52***

Endogeneity test 5.753** 37.51***
F-test of excluded instruments 5.68*** 85.20***
Observations 8,667 5,250

Note: All continuous variables are given in log form. All wealth indicator variables are given in AEU terms. Standard errors, clustered at the enumeration area,
are given in parentheses.
Source: Based on LSMS–ISA surveys in Nigeria and Uganda.
* p < .10.
** p < .05.
*** p < .01.
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group. It also shows the within- and between subgroup
decomposition of inequality for the three GE indices by
low and high agricultural productivity change group for
both countries in each period. The results show that both
the inequality within agricultural productivity change
subgroups and the inequality between groups increased
in each country. The largest share of inequality comes
from the high agricultural productivity change group for
the three GE indices for both countries. Furthermore, it
is the within-inequality component of each group that
accounts for more than 90% of total inequality for Nigeria,
and for almost all of the total inequality for Uganda.
Looking at GE(0) within-group, inequality increases by
29% and 6% per year from 2010 to 2012 and from 2010 to
2015, respectively, for Nigeria, and 28% and 4.5% per year
from 2009 to 2010 and from 2009 to 2011, respectively, for
Uganda. We would like to stress however that a conven-
tional decomposition provides limited information on the
determinants of consumption inequality. Moreover, this
approach is unable to control for other factors when trying
to identify and measure the contribution of a particular
variable. The next section examines the factors that
contributed to increasing consumption inequality over the
period using the Fields regression-based decomposition
techniques.
We use the consumption function regression results to

calculate consumption inequality and estimate the impact
of variability in agricultural productivity on consumption
inequality using the Fields method decomposition proce-
dure.8 Consumption inequality is decomposed into key
components, such as variability in agricultural productiv-
ity, demographic, wealth indicators, and access to credit
and input use. The two following subsections present the
impact of variability in agricultural productivity on con-
sumption inequality at a given point in time and on its
changes over time for both countries.

5.2.1 Impact of variability in
agricultural productivity on inequality at a
given point in time

Table 7 presents the results from the decomposition pro-
cedures for consumption inequality in terms of the per-
centage share of total inequality explained by each fac-
tor and year for Nigeria and Uganda. The results indicate
that consumption inequality increases with variability in

8 Our analyses focus on the deterministic components of consumption
inequality and do not consider that the consumption is further affected
by purely idiosyncratic shocks or residual parts (the term 𝜂𝑖𝑡). Therefore,
the shares add up to 100.
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TABLE 7 Impact of variability in agricultural productivity on consumption inequality at a given point in time

Percentage share of change in consumption inequality explained by each factor
Nigeria Uganda

Factors 2010 2012 2015 2009 2010 2011
Variability in agricultural productivity 42.94 19.90 32.95 24.76 15.74 31.29
Demographic characteristics
Family size 17.49 6.13 1.99 3.95 −0.42 1.97
Female HH head 1.18 −1.18 −0.27 −0.01 −0.03 0.00
Education of HH head 4.44 1.98 1.30 −2.96 0.60 −3.34
Age of HH head −0.12 −0.04 0.09 −1.58 −1.06 −0.47
Total 22.99 6.88 3.11 −0.60 −0.91 −1.84
Wealth indicators
Farm size −20.85 −58.45 −11.26 11.93 11.05 18.29
Livestock −0.07 0.37 −0.17 6.61 7.08 5.41
Value of total assets −0.64 94.74 3.75 43.01 36.60 27.47
Wage income 4.22 5.00 0.48 8.04 15.70 10.77
Self-employment income 33.91 17.36 53.84 3.84 7.29 8.06
Transfer 0.71 0.98 0.22 13.47 13.01 8.51
Total 17.28 60.00 46.85 86.89 90.73 78.51
Input credit and input use
Access to credit −0.02 0.25 0.07 2.47 1.22 0.61
Use fertilizer −0.08 1.47 1.06 −6.18 −4.71 −5.15
Use pesticides/herbicides 12.13 9.07 10.75 −0.75 −1.11 −0.46
Access to extension 0.66 0.01 1.94 −4.69 −1.53 −2.20
Distance to road 4.09 2.40 3.28 −1.89 0.57 −0.75
Total 16.78 13.20 17.09 −11.05 −5.56 −7.96

Source: Based on LSMS–ISA surveys in Nigeria and Uganda.

agricultural productivity for both countries, albeit at dif-
ferent levels.
For Nigeria, controlling for other factors, variability in

agricultural productivity contributed an estimated 43%,
20%, and 33% to consumption inequality in 2010, 2012, and
2015, respectively (Table 7). Themajor economic crisis that
started with the collapse of oil prices in 2014 and youth
restiveness caused by natural and oil related shocks may
account formuch of the balance of the factors contributing
to consumption inequality over these years (Arndt et al.,
2018).
Turning to Uganda, after controlling for other factors,

variability in agricultural productivity contributed an esti-
mated 25%, 16%, and 32% of consumption inequality in
2009, 2010, and 2011, respectively. In other words, variabil-
ity in agricultural productivity in Uganda added 25%, 16%,
and 32%more to consumption inequality in 2009, 2010 and
2011, respectively (Table 7).
We also find that wealth variables account for the largest

share of total inequality for both countries. Wealth vari-
ables contributed about 17% and 47% of the consump-
tion inequality in Nigeria 2010 and 2015, respectively, and
87% and 79% in Uganda in 2009 and 2011, respectively

(Table 7). Demographic characteristics and access to credit
and input also play significant roles in explaining con-
sumption inequality in both countries.

5.2.2 Impact of variability in
agricultural productivity on the change
over time in inequality

Table 8 shows the impact of variability in agricultural pro-
ductivity and other factors on the change of inequality
between the years.9 A positive coefficient indicates that a
factor helped increase inequality, while a negative coef-
ficient indicates that a factor helped decrease inequal-
ity. Variability in agricultural productivity contributed to
increases in inequality over time in both countries.
For Nigeria, variability in agricultural productivity

increases the change in consumption inequality by
12%, 5%, and 36% for the periods 2010/2011–2012/2013,

9 The table indicates the change in the variance of the log of consumption
between 2010/11, 2012/13, and 2015/16 for Nigeria and between 2009/10,
2010/11, and 2011/12 for Uganda.
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TABLE 8 Impact of variability in agricultural productivity on consumption inequality over time

Percentage share of change in consumption inequality explained by each factor
Nigeria Uganda

Factors 2010–2012 2012–2015 2010–2015 2009-2010 2010–2011 2009-2011
Variability in agricultural productivity 12.16 5.39 35.73 3.28 13.23 29.26
Demographic characteristics
Family size 0.93 9.99 15.98 19.21 −0.40 −5.96
Female HH head 1.32 2.09 0.83 −0.25 -0.12 0.01
Education of HH head 2.74 1.21 −0.01 −1.12 0.02 1.30
Age of HH head 0.00 11.13 0.67 1.51 1.70 2.56

Total 4.99 24.42 17.46 19.35 1.20 -2.09
Wealth indicators
Farm size 4.96 19.29 20.24 5.72 12.33 5.05
Livestock 1.43 25.60 0.28 11.09 12.99 3.57
Value of total assets 6.67 −0.42 15.93 53.47 33.77 60.87
Wage income 7.67 0.77 1.72 −0.88 12.63 2.40
Self-employment income 31.62 4.88 3.24 −0.07 8.41 −0.08
Transfer −0.05 0.02 −0.01 2.62 6.93 1.73

Total 52.30 50.14 40.61 71.95 87.06 73.54
Input credit and input use
Access to credit 0.12 −0.04 0.77 −0.69 1.07 3.17
Use fertilizer 3.22 5.21 2.57 0.74 3.74 −8.11
Use pesticides/herbicides 14.50 8.29 1.00 3.02 −2.08 0.77
Access to extension 2.50 −0.34 1.20 −1.97 −4.47 1.50
Distance to road 6.22 6.92 −0.08 4.32 0.25 1.96

Total 26.55 20.04 5.45 5.42 −1.50 −0.71

2012/2013–2015/2016, and 2010/2011–2015/2016, respec-
tively. For Uganda, variability in agricultural productiv-
ity increases the change in consumption inequality by
3%, 13%, and 29% between 2009/2010 and 2010/2011,
between 2010/2011 and 2011/2012, and between 2009/2010
and 2011/2012, respectively. Wealth variables account for
the largest share of increase in consumption inequality
over time for both countries. Demographic characteristics,
along with access to credit and inputs, also played signifi-
cant roles in increasing consumption inequality over time
in both countries.
In sum, the distributional impacts of the rainfall-

induced agricultural productivity shocks are interesting.
The results show that variability in agricultural produc-
tivity can have differing impacts on different segments of
the population. Agricultural productivity shocks increase
consumption inequality both at a given point in time and
worsen consumption inequality over time. This is mainly
because in rainfed farming systems that lack water stor-
age and irrigation investments for buffering the effect of
drought and moisture stress, small-scale farmers with lim-
ited coping capacity to smooth consumption will in partic-
ular bear the high cost of negative rainfall shocks. Negative

rainfall shocks also can limit the uptake of new farm tech-
nology and push poor households to take on low-return,
low-risk activities (Alem, Bezabih, Kassie, & Zikhali, 2010;
Dercon & Christiaensen, 2011; Shiferaw et al., 2015). This
would indicate that the policy implication is to reduce the
variability in agricultural productivity resulting from rain-
fall and other climate shocks.
The results also indicate that wealth variables account

for the largest share of changes that increase consump-
tion inequality at a given point in time and over time for
both countries. This finding is in line with the empiri-
cal findings of Anderson and McKay (2004), who found
that around 50% of Africa’s high consumption inequal-
ity could be attributed to inequality in key factor endow-
ments, such as land and physical assets. In the presence of
incomplete or missing capital markets, farm households
tend to make production and investment decisions based
on the assets they hold. Consequently, poorer households
have more limited capacity to cope with climate-induced
shocks, which may further affect their ability to recover
from stresses by adopting farm technology that enhances
agricultural productivity without additional investments
(e.g., small-scale irrigation) for buffering the effects of

 15740862, 2021, 1, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/agec.12604 by U

ganda H
inari access, W

iley O
nline L

ibrary on [16/01/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



34 AMARE et al.

shocks. This implies that resource-poor households are
more likely to face chronic poverty and vulnerability.

6 CONCLUSIONS

Although the linkage between agricultural productivity
and consumption has been the subject of long-standing
interest in the literature, less is known in the context of SSA
about the distributional effects in terms of consumption
inequality of climate-induced shocks and associated vari-
ability in agricultural productivity. Using nationally repre-
sentative panel data from Nigeria and Uganda, we exam-
ined the effects of variability in agricultural productivity
on household consumption and consumption inequality
using exogenous rainfall shocks as instruments. In inves-
tigating these relationships, we addressed several impor-
tant policy issues. First, we examined the impact of cli-
matic shocks on agricultural productivity to estimate the
exogenous variability that affects consumption. Second,
we assessed the impact of these climate-induced variabil-
ity in agricultural productivity shocks on household con-
sumption. Third, we investigated the effect of variabil-
ity in agricultural productivity and other specific policy-
relevant factors on consumption inequality at a given point
in time. Finally, we exploited the panel nature of the
dataset to examine the impact of climate-induced agricul-
tural productivity shocks on intertemporal inequality over
time.
To do so, we first studied the impact of rainfall shocks

on variability in agricultural productivity using an FE
model. We find that a negative rainfall shock decreases
agricultural productivity by 6% and 30% in Nigeria and
Uganda, respectively. Second, we then assessed the impact
of variability in agricultural productivity on household
consumption using the FE-IV model to account for the
possible endogeneity of agricultural productivity. Con-
trolling for other factors, a 10% increase in the level of
variability in agricultural productivity tended to decrease
household consumption in Nigeria by 3.7% on average.
For Uganda, a 10% increase in the level of climate-induced
agricultural productivity shock tended to decrease house-
hold consumption by 5.2% on average. Third, we applied
both a conventional decomposition and a regression-
based inequality decomposition approach to investigate
the effect of variability in agricultural productivity on per
capita consumption inequality during each of the survey
years. In Nigeria, controlling for other factors, variability
in agricultural productivity contributed an estimated 43%,
20%, and 33% to consumption inequality in 2010, 2012,
and 2015, respectively. In the case of Uganda, variability
in agricultural productivity contributed an estimated 25%,

16%, and 32% of consumption inequality in 2009, 2010,
and 2011, respectively. Finally, we examined the effect of
variability in agricultural productivity on the changes in
consumption inequality over time by comparing different
periods in the panel data. We found that growing variabil-
ity in agricultural productivity contributed to increased
consumption inequality over time in both countries.
These results offer some useful insights for agricultural

transformation and managing climate-induced shocks
in Uganda and Nigeria, which are likely also to be rel-
evant to other countries in the region. In the absence
of water storage and irrigation systems to buffer the
effect of climatic shocks, poorer smallholder farmers
in particular bear high costs both in terms of increased
variability of agricultural productivity and declining per
capita consumption, even though this group of farmers
has limited risk-bearing capacity and are highly vul-
nerable to these risks. Thus, rainfall shocks increase
consumption inequality through their heterogenous effect
on agricultural productivity, which is likely to reduce
their ability to overcome poverty (Barrett & Carter, 2013;
Dercon & Christiaensen, 2011; Evangelista, Young, &
Burnett, 2013). Climatic shocks therefore undermine the
ability of smallholder farmers to benefit from agricultural
productivity changes. Considering the current pattern
of technological change in SSA, without complementary
investments to reduce the effect of climate shocks, vari-
ability in agricultural productivity is likely to increase
and the gaps and levels of consumption inequality in
rural areas will increase correspondingly. In addition
to essential investments in farmer-managed small-scale
irrigation systems, policies aimed at building resilience
to climate risk—including targeted subsidies for risk-
reducing inputs (e.g., drought tolerant improved seeds),
microinsurance, improved soil and water management,
and agricultural knowledge and information systems
accompanied by social safety nets—could help reduce
household vulnerability and rural income inequality in the
region.
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