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Abstract

This paper proposes a novel test of consumption responses to new information by building on
a buffer stock saving model with borrowing constraints. While the consumption responses of
asset-poor and asset-rich households are close to zero or modest, the middle asset group reacts
to advance information the most. We test this hump-shaped relationship with weekly household
data combined with daily plot-level rainfall records from rural Zambia. The empirical analysis
first confirms that rainfall works as a good predictor of future maize harvests in the sample
villages. Then, the regression results show that weekly household consumption responds to
rainfall in certain months, which has sufficient predictive power for future harvests. Further-
more, the response is heterogeneous according to the level of grain inventories, consistent with
the proposed model. Our results suggest that while even constrained households can change
their consumption schedules before income shocks happen by adjusting their buffer stocks,
welfare gains from advance information depend on the available asset levels.
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1 Introduction

Forward-looking decision-making by individuals and firms is a central assumption of many eco-
nomic models in a dynamic setting. On the empirical side, the incorporation of anticipation effects
into the analysis is critical for evaluating a wide range of economic policies, since their neglect
produces biased estimates for the true treatment effects on the behavior of interest. Given the im-
portance of these issues, the rich literature on consumption behavior has developed the excess sen-
sitivity test of consumption responses to anticipated income changes or has examined the “saving
for a rainy day” implication of the permanent income hypothesis (Jappelli and Pistaferri, 2010).!
In addition, recent empirical studies have exploited episodes in which future income changes are
predictable for households and have provided convincing evidence.’

While evidence has been gradually gathered on consumers in developed countries, empirical
investigations of forward-looking consumption behavior in developing countries are scarce. Un-
derlying this lacuna are difficulties in identifying expected income changes as well as finding a
convincing empirical proxy for this type of signal. Such a proxy needs to be exogenous, observable
for both households and researchers, and sufficiently correlated with future income. Another practi-
cal reason is the lack of long panel data on signals and the consumption decisions made in response
to them. However, once these challenges are circumvented, we can expect rich implications for a
vast array of development policies. For example, understanding the exact timing of consumption
responses is essential for calculating accurate welfare costs of income fluctuations in less-developed
countries in which households have limited strategies to cope with uncertain income.

We challenge this issue by using weekly agricultural household panel data combined with daily
rainfall records from rural Zambia in 2007-2011. The sequential and seasonal nature of agricultural
production provides a good setting for empirically examining how farmers react to signals and
change their behavior accordingly.® In the study area (as well as in other rural areas of sub-Saharan

I'The idea behind the excess sensitivity test is that any past predictor of future income should not predict either
consumption changes or consumption growth, since economic agents have already incorporated the expectation of
income changes into their optimal consumption schedule before actual occurrence. The excess sensitivity test is an
indirect and weak test of forward-looking behavior because it seeks to find evidence against such behavior and its
rejection does not tell us anything about possible constraints. As an alternative approach to testing forward-looking
behavior, the “saving for a rainy day” hypothesis proposed by Campbell (1987) suggests that economic agents save
when they expect future income to decline. The important applications of this test to an African context are Deaton
(1992) for Cote d’Ivoire and Udry (1995) for Nigeria, both of who find that household saving responds in anticipation
of future income shocks. However, data constraints prevent them from investigating household consumption behavior
extensively. Indeed, Deaton (1992) uses a short rotating panel with only two data points for each household and Udry
(1995) lacks consumption and income data.

2The examples of such episodes include tax rebates (Johnson et al., 2006; Heim, 2007), expected tax
changes(Mertens and Ravn, 2012; Kueng, 2014), unemployment insurance benefit exhaustion, and fiscal stimulus
programs (Parker et al., 2013; Agarwal and Qian, 2014). Among them, Heim (2007) estimates the effect of state tax
rebates in the United States and differentiates between responses to the announcement and those to the actual receipt of
rebates by exploiting the different timings of their signing across states. He finds weak announcement effects on over-
all consumption, whereas households might alter the composition of spending in anticipation of the rebate. Another
important exception is Agarwal and Qian (2014), who detect a sizable announcement effect from a growth dividend
program in Singapore.

3Some studies incorporate sequential production processes in developing countries into their analytical frameworks
and discuss their implications on economic outcomes including farm labor (Fafchamps, 1993; Skoufias, 1993) and



Africa) where irrigation is rare and agriculture is rain-fed, crop harvests received as an annual lump
sum at harvest time are highly sensitive to climate conditions such as rain. The key observation
of this study is that information about exogenous rainfall shocks is gradually revealed over the
agricultural season. Given this feature, farmers may revise their expectations of final crop harvests
by observing current rainfall patterns in a crop season, thereby adjusting their consumption and
saving behavior before it is fully realized. For example, if farmers experience a severe drought
at some point in the planting stage, then they will expect crop harvests to be low. In response to
the decline in expected future income, they may then start reducing consumption levels to increase
saving in preparation for this future negative situation. On the contrary, households may increase
current consumption after observing “good” rainfall within a crop season since they expect good
harvests. As such, rainfall patterns can make farmers’ expectations of future harvests sufficiently
updated to induce subsequent behavioral changes.

Based on this idea, we explore the extent to which poor agricultural households in sub-Saharan
Africa respond to anticipated income changes under borrowing constraints. As a key driver chang-
ing expected income, this study employs information on plot-level rainfall. To formally check the
validity of rainfall as an informative signal of the future, we first confirm the statistically significant
relationship between the amount of rainfall in the planting/weeding periods (November to March)
and household maize harvests in the harvesting period (March to June) in the survey villages. The
regression results show that rainfall in November and January has a positive and linear association
with final maize harvests.* They also show that weekly rainfall does not have any immediate impact
on current cash flow during the planting/weeding periods, which rules out simple income effects.
Furthermore, the descriptive evidence shows that most of the rain in the planting/weeding periods
does not have any relationship with the variation in final maize yields. This finding implies that
rainfall can be considered to be a predictor of the first moment of future harvest incomes, rather
than their second moment.

The main outcome variable is household consumption. Whether households change consump-
tion in response to rainfall signals depends on their ability to finance consumption, and hence the
structure of the credit and insurance markets. For example, the presence of borrowing constraints
would dampen consumption responses to news, since constrained households are not allowed to
borrow against future income in anticipation of increases in future income.” Reflecting the en-
vironment faced by sample households, we extend Deaton’s (1991) buffer stock saving model
with borrowing constraints by introducing information shocks. The proposed model assumes that
whereas farmers cannot borrow money for consumption purposes, they can borrow against future
income by adjusting asset stocks such as grain inventories. The main theoretical implication from
the model is that the impact of advance information on consumption growth has a hump-shaped

calorie consumption (Behrman et al., 1997). However, no empirical research has thus far examined consumption
responses in anticipation of income changes.

“This result is consistent with local information about climate and local proverbs on weather forecasts in the study
site (Kanno et al., 2013).

SModels that make different assumptions on how well these markets function provide distinct implications. If
insurance markets are complete, no effect of household-specific news on consumption is expected since all the shocks
are fully insured ex ante through transactions of contingent claims across different states of nature. On the contrary, a
small consumption response is expected under the permanent income hypothesis with complete credit markets because
the change in discounted lifetime income is spread across the remaining periods.



relationship with the level of available asset stocks, conditional on the size of changes in expected
income: while the consumption responses of asset-poor and asset-rich households are close to zero
or modest, the middle asset group reacts to new information the most.

This result can be interpreted as follows. Asset-poor households can do nothing after receiv-
ing informative signals because of borrowing constraints and the small amount of available buffer
stocks. The reaction of asset-rich households is limited because the marginal utility from changes
in future income is smaller than that of other households. Their response is well approximated by
the permanent income hypothesis, since they behave as though the borrowing constraints were not
binding thanks to the ample amount of stocks. As a result, the greatest beneficiary from advance
information is the middle asset group. The convexity of future marginal utility explains these asset-
differentiated impacts of information shocks between middle-asset and asset-rich households. We
empirically examine this intuitive but important implication in the Euler equation framework by
relating rainfall amount to household consumption growth at the weekly level.

The empirical results show that weekly rainfall during the planting/weeding periods has a sta-
tistically significant effect on household consumption growth, suggesting that sample households
behave in a forward-looking way on average. In particular, a one-standard-deviation increase in
weekly rainfall results in a 3.0% rise in total household consumption per adult equivalent. More
importantly, household consumption responds only to weekly rainfall in January, which has suffi-
cient predictive power for future maize harvests. This main finding is robust to alternative explana-
tions, including rainfall-induced changes in family labor demand, income variability, and returns to
holding grain stocks. We detect this significant relationship only for food consumption. Since the
consumption of maize (the staple food in Zambia) comprises the largest share of food consump-
tion, these results indicate that agricultural households respond to rainfall signals in a crop season
by simply adjusting maize grain stocks. This view is also supported by another finding that net
saving in the form of other assets including cash and livestock reacts little to weekly rainfall.

By constructing a series of maize stocks for every household/week, we also test the asset-
differentiated response predicted by the theoretical model. Non-parametric specifications find a
hump-shaped relationship between the size of the response to rainfall signals and maize stocks.
Overall, these findings are consistent with the buffer stock saving model with borrowing constraints.
Our results suggest that while even constrained households can change their consumption schedule
upon the arrival of new information by adjusting grain inventories, welfare gains from advance
information depend largely on the available asset levels.

This study is one of the first empirical examinations of forward-looking behavior on the con-
sumption side in developing countries. Chaudhuri (1999) is a notable complementary study, as
it tests the same idea for farm households using ICRISAT data from India. However, we extend
his work in two important dimensions. The first difference is in the asset-based sample separation
rule. Since he splits the sample into two categories (poor and rich), his empirical method cannot
detect the hump-shaped relationship, an important implication of the buffer stock saving model,
as highlighted above. The striking empirical result of the wealth-differentiated impacts of this
study is a unique contribution to the literature. The second related distinction is that we use an
estimated series of maize inventories and allows for time-varying constraints on the consumption
plan, while his categorization is based on initial wealth at the beginning of the survey and remains
fixed throughout the estimation. The non-parametric technique used in this study also helps find



the flexible relationship between the degree of forward-looking behavior and wealth.

The present study is related to three main threads of the literature. First, we propose a new
theoretical restriction for the buffer stock saving model: the impact of information shocks has a
hump-shaped relationship with cash-on-hand. This prediction cannot be generated by either myopic
consumption models (Berg, 2013) or the permanent income model with complete credit markets.
Among the few empirical examinations of the model, Carroll (1992) treats unemployment fear
as an important source of income uncertainty confronted by households and relates its proxies to
aggregate consumption growth in the United States. While the proposed test based on changes in
the first moment of future income does not capture an important aspect of precautionary saving, it
would be easier to apply this restriction to many settings than use the proxy of income risk. Another
type of test for the buffer stock model relies on Carroll’s (1997) implication of target net wealth
(e.g., Jappelli et al., 2008). For rural areas characterized by subsistence farming and incomplete
credit markets, Deaton’s (1991) version of the buffer stock saving model with explicit borrowing
constraints would be more appropriate to capture reality.

This study also makes a novel contribution to the literature on the risk-coping behavior of low-
income households. The high-frequency survey data used in this study offer a unique opportunity
to differentiate advance information shocks from actual income shocks. In the literature on con-
sumption smoothing, rainfall data have been used as an instrument to estimate transitory income
shocks (e.g., Paxson, 1992; Fafchamps et al., 1998) or as its proxy (e.g., Hoddinott, 2006). In the
current study, we use daily rainfall records as an empirical measure of news about future income.
The notable difference between these two distinct shocks is that the poor rarely react to news
because of borrowing constraints. While some previous studies have reported different degrees
of consumption insurance by wealth (e.g., Jalan and Ravallion, 1999; Carter and Lybbert, 2012),
the hump-shaped relationship is a distinguishing feature of consumption responses to information
shocks. This contrast suggests that even if annual differences find a change in consumption of equal
size, one household’s consumption path over a year might be smoother than the other’s because of
the lack of available assets. The evaluation of welfare costs needs to take this aspect into account.
This also implies that using asset levels after income shocks as a proxy for credit constraints may
be misleading because they reflect the previous adjustment in response to information shocks.

Third, this study is connected to the burgeoning literature that investigates responsiveness to
climate information in several dimensions of household production decisions in the developing
world. Empirical examples include irrigation investment (Taraz, 2017), crop choice (Miller, 2015),
and planting-stage investment (Rosenzweig and Udry, 2013; Giné et al., 2017; Kala, 2017). Unlike
existing work that focuses on the role of expectations on the production side, we examine their
role in the framework of an intertemporal optimization problem regarding the resource allocation
between consumption and saving.

The rest of this paper is organized as follows. The next section describes the data used in the
estimation and confirms that rainfall patterns serve as a good proxy for news about future harvests.
Section 3 presents the theoretical framework used to guide the subsequent empirical analyses and
discusses its theoretical implications. The estimation results on the impact of information shocks
on consumption behavior and their robustness are presented in Section 4. Section 5 concludes.
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Figure 1: Study area
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2 Settings and data

This study uses household panel data collected by the Research Institute for Humanity and Nature
(RIHN). The data were collected from Southern Province in Zambia. Zambia is situated in the
semi-arid tropics, and climatic variation, especially with regard to rainfall, is a substantial covariate
risk that threatens the subsistence of small-scale farmers. In particular, Southern Province is the
most drought-prone area in the country; however, as most local farmers lack access to irrigation,
agriculture is completely rain-fed.

The main agricultural season in Southern Province coincides with the rainy season (November
to April). According to the general agricultural cycle, this study defines the following three periods:
the planting period (November and December), weeding period (January to March), and harvesting
period (April to June). During the rainy season, farmers in the region grow maize, cotton, sweet
potatoes, and various vegetables. Since it does not rain at all in the dry season (May to October),
their agricultural activities are limited. In the dry season, livelihoods rely on grain stock from pre-
vious maize harvests and earnings from non-agricultural (e.g., working as coal miners and fishers)



and self-employment (e.g., collecting stones and making furniture for sale) activities.

In Southern Province, the RIHN selected three agro-ecologically distinctive locations alongside
Lake Kariba for the household survey (Figure 1). The three locations are a lower flat lake-side area
(site A), a middle escarpment area (site B), and an upper terrace on the Zambian plateau (site C).
As shown in Figure 1, these three sites, all of which are within a 25-km radius, are relatively close
to each other. In each site, 16 households were randomly selected for the interviews based on the
village census in July 2007, providing a total sample of 48 households.

The household survey began with an annual interview in November 2007, followed by weekly
interviews. Data collection continued until November 2011. The annual interviews were carried
out at the start of each crop year to collect information on households’ demographic characteristics
and asset holdings. The main information came from the weekly interviews which asked about all
the economic activities conducted and shocks experienced by households in the week before the
interview date. In particular, the dataset included detailed information on the time use patterns and
health status of family members, household agricultural production, self-employment activities,
livestock transactions, money and gift transfers, and household consumption.

This section discusses the characteristics of the data on rainfall, income, and consumption. To
check whether rainfall serves as a signal of future harvests, the regression results for the relationship
between rainfall and maize production follow.

2.1 Rainfall

To test whether households behave in a forward-looking way, signals that have good predictive
power for future incomes need to be specified. This study uses plot-level rainfall as such a signal
for the following reasons. First, the relationship between rainfall and crop production has been
established by previous empirical studies in developing countries (e.g., Fafchamps et al., 1998). As
will be seen, the association is also confirmed by the data used in this study. Second, anecdotal
evidence from the study site indicates that local farmers also realize that rainfall amount and its
pattern are the most important determinants of crop harvests (Kanno et al., 2013). Third, rainfall is
exogenous and observable to both farmers and researchers.

The dataset includes plot-level rainfall data from the main field of each survey household. These
were recorded by automatic rain gauges installed for the purpose of this study. Table 1 summaries
the recorded rainfall amounts.® Table 1 indicates that rainfall amounts often differ from one site to
another because of geographical differences, particularly elevation-based differences, in this small
area.

To confirm the intra-annual rainfall patterns, Figure 2 shows the averages of weekly rainfall and
local maize prices during the survey period.” Although the study area is often hit by severe drought,

5Because no previous records of rainfall were available, we had no information on normal annual rainfall levels for
the study site.

"The maize prices were calculated based on information from the consumption module of the weekly survey. In the
module, respondents were asked to provide the volume and value of the food the household consumed in the previous
week. For purchased food, they replied with purchase prices in the local market. For self-produced food, respondents
estimated the values based on the market price at the time of the survey. Hence, the calculated maize prices may reflect
household characteristics, although market transactions of maize are active and its market price would be common



Table 1: Annual rainfall by crop year

2007/08 2008/09 2009/10 2010/11
Site A (16 households) 1596 1312 1687 1155
(40) (78) (69) (72)
Site B (16 households) 1574 1383 1455 1365
(59) (50) (166) (128)
Site C (16 households) 1404 1377 1358 1107
(65) (66) (116) (67)
Total (48 households) 1525 1358 1500 1209
(102) (72) (185) (145)

Notes: The numbers represent the average annual rainfall in millimeters. Standard deviations in parentheses.
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Figure 2: Weekly rainfall and local maize price
Notes: The figure presents weekly averages for local maize prices and plot-level rainfall amounts.

heavy rainfall was observed twice during the sample period: in the final weeks in December 2007
and during February 2010. No damage to fields or infrastructure was observed in 2009/10 despite
the high volumes of rainfall observed, especially in site A. On the contrary, the heavy rain in
December 2007 damaged crops, inundated fields, and destroyed infrastructure such as roads and
bridges.® According to the villagers in the study site, such an event is rare and occurs only once

knowledge among local farmers.
8The shock caused by the heavy rainfall in December 2007 can be observed in the movement of the local maize
price. As shown in Figure 2, the price increased after the rainy season of 2007/08 and continued to rise until the harvest



in several decades. The abnormality of the weather in December 2007 was also confirmed by the
long-term data from the closest weather station (see Appendix Figure B1). Given the uncommon
nature of these data, special attention should thus be paid to the week of heavy rainfall in December
2007 in the main analysis.

Before introducing the income and consumption data, we discuss the formal weather forecasts
available to local farmers. Official forecasts of an upcoming rainy season are mainly available
through radio broadcasts, and these are usually issued and distributed at the beginning of the rainy
season. However, they only provide rough predictions (e.g., a “good” year or a “drought” year) and
say nothing about the timing of the rainfall. More importantly, since these forecasts are made at
regional levels, the information may not be as valuable as at the local level because of the existence
of salient micro-climates.

2.2 Consumption, cash flow, and grain stocks

The consumption section of the weekly interviews asked respondents what kinds of agricultural
products the household consumed in the week before the survey date and their prices. The food
includes not only self-produced food, but also food purchased, received as public food aid or a gift,
and collected in the field. For purchased food, they provided the purchase prices in the local mar-
ket. For self-produced food, the values were estimated based on respondents’ subjective judgment
and the market price. In addition to food consumption, household expenditure for non-food and
services in the previous week was provided. Using this information, we calculate the total value
of consumption per adult equivalent for every week during the survey period. To calculate adult
equivalent units, scales are adopted from the Living Conditions Monitoring Survey report (Central
Statisitcal Office, 2011).° We deflate the resultant nominal values by the standardized version of
area-specific maize prices.'"

Using the information from the module of agricultural practices, weekly cash flow from crop
production is calculated by summing the value from the sales of harvested crops, net of all expenses
of agricultural inputs (e.g., seeds, chemical fertilizer, and hired labor) except for family labor. The
input costs are entered into the calculation at the time of their application rather than their purchase.
We also compute wage income from employment and earnings from piecework and other self-
employment activities for each survey week. The sum of these is defined as cash flow of off-farm
work. The other minor income sources are revenue from sales of natural resources such as firewood
and sales of livestock products such as eggs and milk. This study defines a household’s total cash
flow as the sum of these four types of net cash flow.

Table 2 summarizes weekly consumption and cash flow during the survey period. Table 2 shows

of the 2008/09 crop in March and April 2009. In each crop season, the price declined after the harvest, but the decline
was much smaller after the harvest of the 2007/08 crop season than after the harvests of the other years, indicating a
poor harvest in 2007/08.

° Appendix Table C1 shows the scales. For this calculation, the number of family members in each age category is
based on the information at the start of the crop season.

10Setting the price of maize as of November 2007 in site A as 1, we calculate the relative maize prices for every
week.



Table 2: Consumption and cash flow per week during the survey period

Planting/weeding Harvesting Dry season

Weekly consumption

Total consumption 4.32 5.46 5.10
(4.08) (5.47) (4.31)
Food consumption 3.68 4.36 4.08
(2.67) (2.96) (2.49)
Luxuary goods consumption 0.03 0.03 0.05
(0.17) (0.18) (0.27)
Household goods consumption 0.43 0.77 0.71
(2.22) (3.44) (2.71)
Medical expenditure 0.02 0.02 0.01
(0.12) (0.11) (0.10)
Other service expenses 0.17 0.28 0.25
(1.01) (1.42) (0.97)
Weekly cash flow
Total cash flow 1.66 6.00 5.60
(12.87) (28.72) (27.42)
Cash flow of agriculture -0.28 2.08 1.23
(5.40) (17.69) (10.98)
Cash flow of off-farm work 1.81 3.79 4.23
(10.47) (14.61) (20.48)
Revenue of natural resource sales 0.07 0.05 0.06
(0.51) (0.37) (0.42)
Revenue of livestock product sales 0.05 0.08 0.08
(0.28) (0.36) (0.31)
Observations 4029 2264 3027

Notes: The values are expressed per adult-equivalent in Zambian kwacha, deflated by the local maize price in-
dex obtained from the household survey data. US$ 1.00 = ZMW 3.7. Luxury goods include alcohol, tobacco,
and snacks. Household goods include tableware, clothes, and necessities such as soap and candles. Medical
expenditure consists of medical fees and expenditure on medicine. Other services include fees involving maize-
milling, schooling, transportation, and mobile phones, among others. The planting/weeding period corresponds to
November-March. The Harvesting period corresponds to April-June. The dry season corresponds to July-October.

that the average weekly food consumption per adult equivalent unit is about ZMW 4.3 (approxi-
mately USD 1.2) in the planting and weeding periods, indicating that the sample consists of very
low-income households.!! The corresponding median values are much lower, namely ZMW 3.4,
ZMW 4.4, and ZMW 4.1 for the planting/weeding periods, harvesting periods, and dry seasons,

1Zambia implemented a new currency system on January 1, 2013. The new Zambian kwacha (ZMW) was intro-
duced at the rate of 1,000 old kwacha = ZMW 1. Throughout this study, we use the current description of Zambian
Kwacha. In November 2007, USD 1 was equal to approximately ZMW 3.7.

10
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Figure 3: Seasonality in consumption, cash flow, and maize production

respectively. Table 2 also shows that weekly consumption per adult equivalent varies by season.
Average consumption in the planting/weeding periods is approximately 21% lower than that in the
harvesting period. Seasonal fluctuations are more salient in household cash flow. Table 2 suggests
that opportunities for non-agricultural work are relatively limited in the planting/weeding periods.
Indeed, the average cash flow of agricultural activities is negative in these periods. Figure 3 illus-
trates their fluctuations along with the timing of maize harvests over the survey period, suggesting
that consumption does not balance out within the agricultural cycle.

To understand the maize market position of survey households. Sales and purchases. The
Zambia Food Reserve Agency (FRA) buys maize from farmers at a higher price than market prices.
(Fung et. al. 2020, Agricultural Economics) How to source grain. (Table 1 and Footnote 6 of Fung
et. al. 2020)

Because formal saving and borrowing opportunities are limited in the survey area, sample farm
households report dissaving grain stock against future income to shield consumption from seasonal
fluctuations in cash flow. Although the survey did not directly ask farmers about their grain inven-
tories, weekly data on maize harvests and transactions are available. Using this information, we
construct a series of maize grain stock for each week using two methods. The first method (Method
1) computed the stock of maize in kilograms as of the first week of July 2008 by adding the maize
grain harvested and received as a gift and deducting the maize consumed and given as a gift be-
tween March and June 2008. We replaced a negative initial value with 0 under the assumption that

11
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maize transactions at least balance out in the harvesting period. For each week after July 2008,
the amount of harvested and received maize was added to and the amount of maize consumed and
sent out subtracted from the lagged stock amount, and this routine was repeated until the end of the
survey. There are two concerns about the accuracy of maize stocks based on Method 1. The first
concern is that this method is sensitive to the number of surveys conducted. Weekly data are miss-
ing at some points because, for instance, every family member was absent when the enumerator
visited. Although the following analyses limit the sample based on the available number of weekly
surveys, important records (e.g., harvests) might be insufficiently captured and these missing values
may then affect the subsequent estimates of maize inventories. The second concern is that owing
to the nature of the stock variable, any measurement errors in a previous survey would accumulate
and the estimated maize stocks in the latter part of the survey period might have considerable noise.

To check the robustness of the maize stock measure, other estimates of maize stocks were
constructed following Method 2. Like Method 1, initial maize inventories in the first week of July
2008 were calculated for each household and these were then adjusted based on maize transactions
up to June 2009. The difference from Method 1 is that the initial maze stock in the first week of
July 2009 was recalculated and defined as the sum of the maize grain harvested and received as
a gift minus the maize consumed and given out as a gift between March and June 2009. Then,
a subsequent series of maize stocks until June 2010 was constructed by taking into account all
maize transactions. The stock series after July 2010 were computed in a similar way. Although
the calculated maize inventories based on Method 2 are discontinuous at the beginning of July, this
methodology is less sensitive to missing data and accumulated noise in principle. In addition, the
estimates are more comparable among agricultural years because they follow the same calculation
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method. On the contrary, Method 2 cannot reflect the maize stocks carried over from before the
harvesting period, which is its main drawback. Both methods might underestimate the series of
maize inventories in the first year of measurement since the amounts carried over from before
March 2008 are not incorporated into the calculation.

Figure 4 plots the weekly series of the average maize stocks constructed using Methods 1 and 2.
If the estimates based on Method 1 were perfectly accurate, the disparity among the two methods
would imply that the amount of maize grain carried over from the previous crop season was not
negligible. As shown in the latter part of the survey period, there are stark differences between the
two estimates, which suggests that the Method 2 stock series might be underestimated. However,
these differences could simply reflect the accumulation of noise, which is the main concern of
Method 1. Keeping this in mind, Figure 4 shows that, on average, maize grain stocks did not run
out except in the lean season before the harvest period in 2009. This fact implies that the average
household can intertemporally transfer resources by flexibly adjusting maize grain stocks.

2.3 Does rainfall work as a signal of future harvests?

The basic idea behind this study is that rainfall in the planting and weeding periods is a predictor of
future cash flow in the harvesting period. To verify whether rainfall works as such an informative
signal for farmers in practice, the following conditions need to be checked:

Condition 1: rainfall does not have an immediate impact on a household’s current cash flow
during the planting and weeding periods.

Condition 2: rainfall during the planting and weeding periods has a statistically significant
relationship with future maize harvests.

Condition 3: rainfall during the planting and weeding periods does not affect the variability
of future maize harvests.

Condition 1 should be verified to rule out simple income effects. The most important condition
for a signal is having sufficient power to predict future income, which represents condition 2.'?
Condition 3 concerns the effect of weekly rainfall on the second moment, which complicates the
subsequent analysis.

To validate condition 1, we estimate the weekly-level relationship between rainfall and house-
hold cash flow in a reduced-form framework.'® Specifically, the net cash flow earned by household
1 in week t (m;;) during the planting/weeding periods (November to March) is specified in a linear
form as

i = aqRAIN; ;1 + 042RAIN?¢,1 + a3 Ly + Xy + v + Y + Yy + € (1)

12The direct effect of rainfall shows up when rainfall in a particular week during these periods has an independent
and significant impact on future crop harvests. In addition, rainfall can have indirect impacts through changes in ex-
pectations of future rainfall conditions, which consequently relate to harvests. The current study does not differentiate
these two channels. In other words, only the combination of these two channels is of interest.

13 Although the immediate impact of weekly rainfall on income earnings is insignificant in the general setting, it
might be important in rural areas of sub-Saharan Africa. Possible examples include high demand for piecework labor
to carry out weeding in the week after heavy rain.
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where RAIN;; stands for the rainfall measured in household 7’s main field in week ¢, L;,, represents
a vector of the demographic variables at the beginning of crop year y, X;; stands for a vector
of controls that determine the level of income, +; is the household fixed effect, v, (7,) captures
the calendar-month (year) fixed effects, and €;; represents a random shock to cash earnings. This
empirical specification relates cash flow in week ¢ to the rainfall amounts recorded in week ¢ — 1,
since lagged rainfall is treated as the potential signal that affects the consumption growth between
weeks ¢ and ¢ — 2 in the main empirical specifications (Section 4). To capture the available labor
force in household i, the demographic variables include the numbers of men, women, boys (aged 6
to 15), and girls (aged 6 to 15) in L;,. These demographic variables are obtained from the annual
survey to circumvent issues related to endogenous changes in household composition (as in the
calculation of adult equivalent units), and thus they are fixed throughout crop year y. The number
of days for which family members were ill in the previous week is also added into X;; to take
into account those factors varying the available labor force. In addition, self-reported episodes
of non-rainfall shocks on sample households’ plots are added as a control. Examples of field-level
shocks include insect infestations, plant diseases, and animals trampling crops.'* To incorporate the
information into the empirical analysis, we construct a dummy variable taking 1 if any non-rainfall
shock was observed in the previous week. Finally, to control for general seasonality, the regression
equation also includes the calendar-month dummies and crop year dummies. The estimation sample
is limited to the planting and weeding periods (November to March).'

Table 3 presents the estimates of Equation (1). The estimation results show that rainfall in the
previous week during the planting and weeding periods does not have a statistically significant
impact on total cash flow (columns (1) and (2)). As shown in columns (3) and (4), this basic pattern
does not change when controlling for rainfall in the current week. Put differently, the data suggest
that the simple income effect induced by weekly rainfall cannot be the main driver of changes in
current household consumption levels.

The empirical analyses now turn to verify condition 2. In general, rainfall has a concave rela-
tionship with harvests.'® However, the timing of rainfall is more important for local farmers than its
total amount. To investigate whether rainfall amounts in distinct agricultural stages have different

14 Among these, the most frequently reported shock during the survey period was crop damage by animals and birds.
Adpverse occurrences affecting crop production might be considered to be a signal employed by farmers to predict future
income. However, such field-level shocks would have immediately raised the demand for cash to purchase chemicals
to address insect infestations and/or hire labor to erect a fence to prevent intrusion by animals. In addition, such shocks
are endogenous to household investments in prevention. Hence, the empirical analysis focuses on rainfall as the signal.

IS All the regressions in this study control for the corresponding survey days because weekly interviews sometimes
cover a period of less than or more than seven days.

16The concave relationship between annual rainfall and harvests is also confirmed in the current data. Appendix
Figure B2 links total rainfall between November and February to the yield of harvested maize aggregated over March
to June in the same year. To obtain more precise estimates, we regress the maize yields measured in the harvesting
period of crop year y on total rainfall between November and February. Appendix Table C3 reports the estimation
results, while Appendix Table C2 presents descriptive statistics of the empirical variables. Depending on the estimation
method, we find that the relationship between total rainfall in the rainy season and maize yields is concave with a peak
of 1000-1100 millimeters, although the estimates of the fixed effects model are imprecisely estimated.
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Table 3: Determinants of weekly cash flow during planting and weeding periods

&) 2 3) “4)

Rain (100mm), t-1 -0.11  0.05 0.05 0.06
(0.10) (0.32) (0.31) (0.30)

Rain (100mm), t-1 squared -0.04 -0.04 -0.04
(0.06) (0.06) (0.06)

Rain (100mm), t -0.09 -0.12
(0.14) (0.45)

Rain (100mm), t squared 0.01
(0.10)

Field-level shock dummy,t -0.86 -0.86 -0.87* -0.87
(0.52) (0.52) (0.51) (0.52)
Total sick days adults, t 0.17* 0.17* 0.17* 0.17*
(0.09) (0.09) (0.09) (0.09)
Total sick days children, t 0.00 0.00 0.00 0.00
(0.10) (0.10) (0.10) (0.10)

Log maize price, t -0.54 -0.51 -0.54 -0.55
(1.11) (1.11) (1.11) (1.14)

Total survey days, t 0.87 0.87 0.88 0.88
(0.69) (0.69) (0.69) (0.69)

Land size (ha), y 0.53 0.53 0.53 0.53

(0.58) (0.58) (0.58) (0.58)
Number of adult males, y 0.59 0.59 0.59 0.59

(0.54) (0.54) (0.54) (0.59)
Number of adult females,y -0.05 -0.05 -0.05 -0.05

(0.51) (0.51) (0.51) (0.5

Number of boys, y 0.01  0.01 0.01 0.01
(1.16) (1.16) (1.16) (1.16)
Number of girls, y 1.48 1.48 1.48 1.48
(1.43) (1.43) (1.43) (1.43)
Household FE YES YES YES YES
Crop year FE YES YES YES YES
Calendar-month FE YES YES YES YES
Dependent variable mean 1.66 1.66 1.66 1.66
Dependent variable SD 12.87 12.87 12.87 12.87
R? 0.12  0.12 0.12 0.12
N 4029 4029 4029 4029

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. The dependent variable is weekly cash flow per adult equivalent. The estimation
sample is limtied to the planting and weeding periods (November to March). Examples of field-level shocks
include insect infestations, plant diseases, and animals trampling crops.
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Figure 5: Estimated impacts of rainfall on maize yield by calendar-month

Notes: Point estimates of rainfall impacts on maize yield and their 95% confidence intervals are presented for each
calendar-month.

predictive powers for future harvests, the following regression equation is estimated:
HV;, = a;RAIN in month m;, + coCUMRAIN up to month m; + asLiy + oy Xy + 7 + vy + €y (2)

where H'V, is household 7’s maize yield measured in the harvesting period of crop year y. The first
coefficient oy measures the impact of the total rainfall in month m on the maize yields in the corre-
sponding crop year. The important assumption here is that impacts from rainfall are homogeneous
in the same month. In addition to these month-specific rainfall amounts, Equation (2) controls for
cumulative rainfall amounts earlier in the same crop year. Since rainfall from between November
and March is separately examined, the number of regressions is five.

Figure 5 presents the estimated coefficients on rainfall amounts in each calendar-month.!” The
estimation results reveal that rainfall in November and January has statistically significant predic-
tive power for maize harvests in the corresponding harvesting period. These effects make sense
in the current context, because November is the first peak of planting activities and January corre-
sponds to the second peak. Since a large amount of rainfall in the week after sowing is necessary for
seeds to germinate, the productivity impacts of rainfall in these months would be higher than that
in the other months.'® The coefficient on December rainfall is also positive, although the impacts

17 Appendix Table C4 provides the full estimation results.

18This finding is consistent with the experimental results from a controlled agricultural trial in the same study site
(Shimono et al., 2012). They show that delaying sowing by 10-20 days can reduce maize yields by 19%, or 125 kg/ha,
compared with the control plots sowed on a “normal” date based on the decisions of local farmers.
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Figure 6: Effects on the variance in maize yields
Notes: For each month, this figure shows a plot of rainfall and the resulting residuals from Appendix Table C4.

are imprecisely estimated mainly because of the small sample for this month.'"” For November and
December, the squared terms of rainfall do not have predictive power and only the linear rainfall
terms are sufficient to capture the impacts on future harvests in the current specification.”’ Based
on these results, this study assumes that higher weekly rainfall during the agricultural season leads
to greater maize harvests after conditioning on cumulative rainfall amounts up to the current week.

Finally, condition 3 is checked. The discussions have thus far focused on the impact of rainfall
on the first moment of future maize harvests. In addition, the arrival of new climate information
might lessen the uncertainty surrounding crop harvests. To investigate this possibility, Figure 6
shows the relationship between rainfall and the residuals from the regressions in Figure 5 by month.
The width of the residuals seems to be even across most rainfall ranges for all months and thus
rainfall generally has no relationship with yield variability. More formally, Appendix Table C4
presents the results of the Breusch—Pagan test, which finds no heteroscedasticity in a linear form
of rainfall.>! Thus, weekly rainfall is unlikely to convey decisive information about the second

19 As mentioned in Section 2, the uncommon heavy rainfall in December 2007 makes the estimates unstable. For
that month, Figure 5 shows the estimated coefficients based on a sample excluding the 2007/08 crop year.

20This result can thus be understood given that the length of time of rainfall used in Figure 5 is different from the
estimates in Appendix Table C3. As Appendix Table C3 shows, rainfall has a positive relationship with maize yields
up to 1000-1100 millimeters. In an average year, monthly rainfall in any month does not exceed this threshold.

2 The Breusch—Pagan test examines the null hypothesis that the variance in the error term cannot be written by
a linear form of rainfall. As shown in Appendix Table C4, the null hypotheses are not rejected for every month.
Nevertheless, Section 4.5 touches upon the possibility that the heavy rainfall in December 2007 might have reduced
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moment of future harvests.

3 Theoretical framework

To guide how household consumption responds to advance information, this section derives testable
implications for the subsequent empirical analyses. The seminal study by Deaton (1991) develops
the buffer stock saving model with borrowing constraints. His model shows that precautionary
motives interact with borrowing constraints because the inability to borrow when times are bad
provides an additional motive for accumulating assets when times are good, even for impatient
consumers. In his model, the main assumptions are (1) impatient agents whose discount rates ex-
ceed the interest rates of risk-free assets, (2) the constant relative risk aversion (CRRA) preference,
and (3) the presence of borrowing constraints. Maintaining these assumptions, this section presents
a theoretical framework that incorporates the gradual realization of income uncertainty. The pro-
posed model predicts that the impact of information shocks has a hump-shaped relationship with
the level of cash-on-hand. This is a unique feature of the buffer stock saving model with borrowing
constraints, which contrasts with the predictions that a complete credit market model makes about
the response to information shocks.

In what follows, Section 3.1 presents the theoretical set-up in the general form. The details
in the derivation of the approximate solution for consumption growth are relegated to Appendix
Section A. Section 3.2 illustrates how current consumption reacts to changes in income expectations
after receiving new information. Section 3.3 numerically solves a simple dynamic model to present
a theoretical prediction of the relationship between the degree of forward-looking behavior and
asset stock levels, which offers the primary hypothesis of this study.

3.1 Theoretical set-up and approximate solutions

This section provides a simple three-period model outlining a decision-making process to clarify
how the revelation of information observed by a small-scale farmer influences his/her current con-
sumption choices in the presence of borrowing constraints. While the basic structure builds on the
theoretical model developed by Blundell and Stoker (1999), we extend their model by introducing
information shocks and explicit borrowing constraints. The three periods (denoted by t=1, 2, 3)
correspond to the planting period, weeding period, and harvesting period in the empirical settings.
In particular, the farmer solves the following problem at the beginning of period 1:

1
(14 62)(1 4 63)

Ey(ug(c)| 1) +

max u(cy) + By (us(ces)| )

1+ 69

with instantaneous utility u; defined over the consumption of a single commodity c¢; and a period-
specific discount rate 0 < d; < 1. E; is the expectation operator based on the information set I;
available to the household at time ¢. The farmer receives income y; in each period ¢. For instance,
ys3 is crop harvest income. The only uncertainty in this model lies in y3, and that uncertainty is not

uncertainty about future maize harvests.
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resolved until the beginning of period 3. The model introduces the important assumptions that (1)
the farmer enters the first period with information /; about y3 and (2) he/she receives an informative
signal, denoted by 6, about y3 before choosing his/her second-period consumption c;. Assuming
that there is no bequest motive, the ex-post lifetime budget constraint over the three periods is

1 1 1 1

Co + cg=A1 +y1 + +
Ttrm 2 Al T T, 2 T U )+ 1)

o+ Y3 3)
where A; is an exogenously given initial asset and r; is the risk-free interest rate.

It is useful to distinguish beginning-of-period wealth X; from end-of-period wealth I¥;. Beginning-
of-period wealth (i.e., cash-on-hand) X; evolves over time as X;.; = (1+7411)(X¢ —¢;) +yi41 for
t =1 and 2. Initial cash-on-hand X is assumed to be the sum of initial assets A; and first-period
income ¥, thatis, X; = A; + y;. To guarantee positive consumption in the first period, the model
assumes that the farmer enters the period with positive cash-on-hand X;. On the contrary, end-of-
period W; is defined as W; = X; — ¢;. In our model, assets are not productive and do not determine
income ;.

In each period, the farmer faces the following type of borrowing constraint:

Wy>0

In other words, assets carried over to the next period must be non-negative.

This intertemporal optimization problem is solved by backward induction. First, c3 is easily
determined since the farmer simply spends whatever is left after y; is realized. Using the ex-post
identity of the lifetime resources, third-period consumption is expressed as

cy = (1+73)(Xo—c2) +ys

Given c¢; and the optimal third-period consumption c;, the farmer solves the following maxi-
mization problem in period 2 after receiving information 65:

maXxe, UQ(CQ) + EQ[Ug((l + Tg)(XQ — CQ) + y3)|117 92]
1493

subjectto Wy =Xy —0cy >0 “4)

The first-order conditions are

’ ]_ +T ’
Us(cg) = i 5zE2[U3((1 +73)(Xo — c2) + y3) |11, 0] + A2
)\g(XQ — Cz) =0

Ao, Xog—c22>0

where 1w, (*) represents the marginal utility function and ), is the Lagrange multiplier attached
to the second-period borrowing constraint. These conditions suggest two types of consumption
behavior under borrowing constraints. First, A\ = 0 implies that the farmer puts aside a share of
cash-on-hand as saving for future consumption, and his/her consumption path follows the standard
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Euler equation. Thus, the farmer behaves as if he/she was not subject to any borrowing constraints
at all. Second, the optimal condition requires the farmer to set consumption ¢, as high as cash-on-
hand X if the borrowing constraint is binding. Combining these, the condition for intertemporal
optimization can be written in a uniform way:

1 ’
%Ez[ug((l +73)(Xo — ¢2) + y3)| 11, 02]] ©)

uy(c2) = maxfuy(Xa),
As shown in Equation (5), cash-on-hand X, directly enters the Euler equation. The solution to this
problem ¢ is
o= Xy if "> Xy
2l if G <Xy
where ¢5* is the solution to uy(c*) = ﬁgz Es[ug((1+ 73)(Xa — &) + y3)|I1, 6. As such, con-
sumption can be expressed as a function of two state variables, cash-on-hand and the information set
available to the household at the beginning of the second period. Cash-on-hand at the beginning of
period 2 is determined by the level of first-period consumption ¢; since Xy = (1+72) (X7 —c1)+yo.
Thus, ¢} can be written as c5(cq, I, 65).
Returning to the first period, the farmer solves for ¢; given the optimal choices c; and cj, both
of which are a function of c;. In particular, ¢, is chosen to maximize the constrained optimization
problem as below:

max ui(ep) + [ua(cy(c1, I, 02) | 11]

—F
(&1 ]_+62 !
1
FE 1 1 X — —c 1,0 I
+ (11 65)(1+03) 1[us((1+73) (14 72) (X1 — c1) + y2 — (e, 11, 00)) + y3) | 11]
subjectto Wy = A1 +y; —c¢; >0

Wa = (1+r)(X1 —c1) +y2 — c5(c1, 11,02) >0

Both 6, and y5 are uncertain at this point.

The solutions depend on the level of optimal consumption in period 2. In the first scenario
in which the borrowing constraint is binding in period 2, the farmer knows that he/she will spend
his/her entire cash-on-hand (i.e., ¢; = X5) in the next period and only consume income received in
period 3 (i.e., ¢ = y3). Given this future plan, the optimal condition for first-period consumption
should be

1 )
JZ%(Q o) (A1 + 41— 1) + )] ©6)

uj(cr) = max|u; (X1),

Since the marginal utility from second-period consumption is certain, the optimal level of con-
sumption in period 1 can be expressed as

: BC'*x
BCx _ X1 if et > Xy
1 - .
CIBC** Zf C{S’C** <X1
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BC+ s the solution to ) (cPC**) = 2y ((14-19) (AL +y1 —cPC*) 1) and X; = A4y,

where c; rl
On the contrary, consider the case in which c5 1s an interior solution. Under the assumption that
the conditional variance in y3 does not vary with signals 65, Section A.1 shows that the intertempo-

ral optimal consumption plan between periods 1 and 2 should satisfy

1+T2 ’

uy(cr) = max|u; (X7), mEl[ug@(ChIh%))H (7

in which c;(cy, I1, 6,) is a solution to uy(c3) = }i_ngQ [us((1 4 73) (X2 — ¢3) + y3)]. Denote ¢lV¢*

as the solution to the first-period problem, conditional on c; = ¢5*. Then, we have

&) if VO < X,
where ¢]“** is the solution to u (¢}'“**) = {552 Ey[uy (5 (¢ O, 11, 0)))].

Given the above set-up, Section A.2 introduces the CRRA preference assumptions and derives
the Euler equation in the case of no borrowing constraints. With the CRRA utility form, closed-
form solutions for the consumption function or consumption growth are not available. Following
Blundell and Stoker (1999), approximate solutions are instead derived. As a result, the growth in
consumption between periods 1 and 2 is shown to have the following form:

1 aq 1+52 g;
Alncy ~ ——1In(— — + In(ws) +1InX (8
2 p (062)(14-7“2 (14 7r)(1 —wi)Xy (w2) )

where (; represents the changes in expected income after observing signal 0, defined as (; =

w with (3 = y3 — E; [y3|I 1], and Xt is the present value of expected wealth in period ¢. In

particular, X 1= A+ + il +T2 Yo+ a +T2)(1 ) E\[ys| ;). w represents the approximate solution of
the optimal consumption share to available wealth in period ¢. The last term in Equation (8) captures
the effect of income variance on growth in consumption. Equation (8) provides a theoretical basis
for the empirical specification.

The Euler equation suggests that while the household responds to changes in expected in-
come, its impact on consumption growth is attenuated by the increase in the level of cash-on-hand
(6%2‘%‘32 = T ll—wf) < ). One important implication is that wealthy households respond less to
signals of future income than poor households because the increment in expected future income
for the rich does not have a significant effect on their overall lifetime resources. On the contrary,
households with low cash-on-hand face a much more complicated problem because of the possibil-
ity of binding borrowing constraints in the future. The next two sections explore the implications
for asset-poor households further.

3.2 Graphical interpretations

The Euler equation in the presence of liquidity constraints has the forms shown in Equations (5),
(6), and (7). Owing to borrowing constraints, consumption in any period cannot exceed cash-
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on-hand, and this upper bound on consumption levels implies a lower bound for marginal utility.
Exploring these Euler equations to examine the optimal relationship between consumption in ad-
jacent periods provides the intuition for how information shocks, if any, alter subsequent optimal
consumption paths. The following discussions based on graphical visualization stress that initial
wealth plays an important role in response to information shocks under borrowing constraints.

Note that y3 can be decomposed into expected y3 as of period 1 (£ [ys|/;]), which is an updated
forecast error (3 as of period 2 (E2[(3|1, 02]), and the remaining forecast error ¢ as of period 2,
that is, y3 = E4[ys|l1] + E»[(3|11, 0] + (5. For illustration purposes, define (5 = %{é’eg]
denote }igg Eolus((1 4 73) (X2 — ¢2) + y3)|I1, 0] in Equation (5) as f((3).

Figure 7 graphically shows Equation (5) and describes the comparative statics of ¢y with re-
spect to changes in expected income due to information shocks 6. Panel (a) of Figure 7 depicts
the Euler equation in the case of low cash-on-hand, X5. The farmer’s optimal consumption is at
the intersection of u,(c;) and f((}) in the case of no borrowing constraints, whereas that level of
consumption is not feasible in practice because of the binding constraint. In this case, the farmer
consumes his/her entire cash-on-hand. Suppose that the farmer receives good news at the begin-
ning of period 2. After receiving this news, f((3) shifts downward to f(¢;"") in Panel (a), and
the optimal consumption level rises. However, he/she can do nothing in response to good news,
making his/her consumption level unchanged, which implies positive news does not affect ¢ if
cash-on-hand is relatively low at the start of period 2. Similarly, relatively small negative changes
in expected income shift f((;) upward, which does not have any impact until the optimal consump-
tion level c3* reaches X5. These observations imply that resource transfers over time are restricted
for these types of households.

The more interesting case is observed after receiving significant negative information on up-
coming harvest incomes. In Figure 7, f(¢;'°") illustrates this case. Here, expected future marginal
utility rises sufficiently to change the optimal consumption plan and start saving a part of cash-
on-hand for (expected) future bad harvests. These observations lead to the conclusion that while
positive news shocks should have no effect on current consumption, the impact of negative news
shocks depends on the magnitude of changes in expected income when the farmer enters the period
with relatively low cash-on-hand.

Panel (b) of Figure 7 illustrates the case in which the farmer enters period 2 with relatively high
cash-on-hand. In this case, the impact of positive news depends on the size of changes in expected
income due to new information. The same consideration indicates that positive information shocks
increase current consumption until assets are drawn down to zero and the farmer’s optimal behavior
thereafter is to be a hand-to-mouth consumer. As Deaton (1991) shows, there is a threshold level
of cash-on-hand below which consumption just follows cash-on-hand (¢ = X') and above which
consumers start accumulating assets (¢ < X). As such, a farmer with cash-on-hand slightly above
the threshold level cannot fully use positive information shocks because of the binding borrowing
constraints once his/her assets are stocked out. On the contrary, current consumption responds to
negative news shocks in a more flexible way by reducing consumption to increase asset stocks.
Therefore, farmers exhibit asymmetric responses to information shocks (Chaudhuri, 1999).

In summary, information shocks should not affect current consumption when cash-on-hand is
low except for the case of significantly negative news, which causes the household to start accu-

and
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Figure 7: Comparative statics based on Equation (5)

Notes: Panel (a) for a farmer with low cash-on-hand and Panel (b) for a farmer with high cash-on-hand.
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Table 4: Parameter values for the nl%merical model

u(c) s | 4w [ v [ vh | Pr(y)
Log utility In c if ¢>0, -1000 otherwise 095 1 |40 33585 0.5
Quadratic utility | ¢ — % if ¢>0, -1000 otherwise | 0.95 1 140|335 | 85 0.5

mulating assets in preparation for the expected bad state of the world. When beginning-of-period
wealth is sufficiently high, the farmer fully responds to negative information shocks and partially
responds to positive information shocks. The main point of these discussions is that the impact of
information shocks depends on the amount of liquidity assets available to the household at the time
of decision-making.

3.3 Numerical exercise

The above comparative statics reveal some insights into how information shocks affect consump-
tion behavior for asset-poor and asset-rich households. However, this discussion gives rise to the
question of when the household starts responding to advance information. To demonstrate how the
degree of forward-looking behavior differs with initial asset levels more clearly, a simple dynamic
programming model of the second-period consumption choice is solved using numerical methods.
The basic structure is the choice of second-period consumption ¢, after observing information 65,
as formalized in Equation (4). To extend this static model to a dynamic setting, the model here
assumes that the household repeatedly faces this second-period problem.

The numerical analysis of this model consists of two parts. The first part investigates how the
agent evaluates utility from future consumption. In doing so, we define the Bellman equation as
V(X2) = maxu(ca) + ﬁE[V((l +73)(Xo —c2) +ys)]. V(Xs) represents the maximum expected
discounted present value when the household enters period 2 with asset stocks X5. The value
function is formed before the arrival of information. The shape of the true value function is obtained
by the value function iteration. The tolerance for when to stop the iteration is measured by the
norm of the difference between V=1 (X) and V!(X), namely, tol = />, (VI(X) — V-1(X))2,
where n is the number of grids in the asset space and ¢ is the number of iterations. We set the
maximum tolerance at 0.001. The asset space covers a range between 0 and 1000, and thus 1001
grids are assigned.

Table 4 summarizes the parameter values used for the iteration. For signal 5, the model as-
sumes only two possible signals about the state of the world (good news and bad news); these
signals are directly linked to the states, represented by h and [. In this simple setting, we assume
that signal 0, tells the agent precise information about which state will arise in period 3. To reflect
the economic environment, we parameterize income values for the numerical solution based on the
estimates of a household’s harvest earnings from the current dataset. In particular, the household
predicts that future income will be y/» = 335 after observing good news. The probability of receiv-
ing good news is set at 0.5. On the contrary, bad news indicates that future income will be 3 = 85
with certainty. The difference between the two income values is generated from the two standard
deviations of rainfall amounts in the planting/weeding periods based on the estimates; thus, i/ and
y4 are respectively close to the 75th and 25th distributions of cash flow per adult equivalent during
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the harvesting period. In the second step of the exercise, using the converged form of the value
function, we calculate the differences in the optimal consumption levels between the two states for
each level of initial cash-on-hand.

Figure 8 shows the differences in consumption after receiving good news and after receiving
bad news for each level of stock under the assumption of log utility preferences. Two features
are noteworthy. First, the impact of information depends on the initial asset stock levels, and the
relationship between the extent of forward-looking behavior and buffer stocks has a hump-shaped
form. This important result can be interpreted as follows. Asset-poor households can do nothing
after observing a signal because of the borrowing constraints and low level of asset stocks available.
Once buffer stocks become available to the household, it starts responding to new information. The
initial responses are small since they are still bounded by the available stock levels. Their reactions
are gradually increasing, and the effect is the largest for a household with an intermediate level of
buffer stocks. After the point, it falls to a smaller constant level over a range of a high volume
of stocks since asset-rich households can behave as if they were the permanent income hypothesis
consumers. This hump-shaped form does not rely on the functional form of the utility function.??
Indeed, the key driver of this asset-differentiated effect is the concave form of the value function
with respect to cash-on-hand: the marginal utility from future consumption is much larger for the
less wealthy than the rich.

The second point can be made by comparing the implication of the permanent income hy-
pothesis. Figure 9 depicts the case of the quadratic utility form without borrowing constraints.
Specifically, we extend the minimum asset level to -1300 so that the household can borrow up to
this point. With access to credit markets, the reaction of the asset-poor is as high as that of the
asset-rich. Interestingly, buffer-stock savers above the middle-asset level in Figure 8 is more sen-
sitive to advance information than the similar households with the credit access in Figure 9. For
the buffer stock savers, the receipt of good news means that the negative impact of borrowing con-
straints eases in the subsequent future periods thanks to the increase in available resources. Thus,
they would feel free to increase consumption like non-constrained households, although the incre-
ment is still constrained by current buffer stocks. After the receipt of bad news, on the contrary,
they know that they will face the same situation in the future. In this case, they choose lower con-
sumption than the corresponding household with access to credit. Given these two speculations,
the difference in consumption between the two states can be larger for buffer stock savers.

Overall, the hump-shaped relationship between consumption responses to news and initial asset
stock levels is a unique prediction. This implication can distinguish the buffer stock saving model
with borrowing constraints from alternative ones such as the permanent income hypothesis and
myopic consumer behavior in which the household consumes a fixed share of current income.”® In
addition, this feature should not be observed in the case of consumption responses to actual income
shocks. This remarkable asset-differentiated impact of information shocks is subject to empirical
testing with the data in Section 4.

22The assumption of the quadratic utility form produces a similar picture (Appendix Figure B3).

Z3However, the acceptance of the null cannot discern alternative preference assumptions (e.g., the quadratic form)
from the constant relative risk aversion (CRRA) form on which the buffer stock saving model relies. These produce
similar predictions (Figure 8 and Appendix Figure B3).
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Figure 8: Changes in consumption by initial assets: log utility

Notes: The y-axis measures the difference in consumption between after the receipt of good news and after the
receipt of bad news. The x-axis measures initial asset levels.

100

90 —

60 —

40

T T T T T 1
0 100 200 300 400 500 600 700 800 900 1000

Figure 9: Changes in consumption by initial assets: quadratic utility without borrowing constraints

Notes: The y-axis measures the difference in consumption between after the receipt of good news and after the
receipt of bad news. The x-axis measures initial asset levels.
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4 Does household consumption respond to news?

4.1 Empirical strategy

The main empirical specification for fluctuations in household consumption builds on the Euler
equation in Equation (8). In the baseline regression, the dependent variable is the difference in the
log of real consumption per adult equivalent between weeks ¢ and t — 2, denoted by Alnc; =
Inc;; — Inc;¢—o. Assuming the rational expectations hypothesis such that E;((| i1, 60;) = 710; +
v90:1;_1, we formulate the main empirical specification as

Alncy = /RAIN;_; + /CUMRAIN;, 5 + B;RAIN;,_; x CUMRAIN, ,_»
+yx A Xit + Y d + €it )

where RAIN;; represents the rainfall amounts observed by household ¢ in week ¢, CUMRAIN}; is
the cumulative rainfall observed by household ¢ up to week ¢, /A is an operator that returns the
difference in a variable between weeks ¢ and t — 2, X; is a vector of the household controls, I,,
is a calendar-month fixed effect, and ¢;; is an error term that may include measurement error in
consumption.

Remember that Equation (8) also has a term that captures effects from income variance. Since
no plausible proxies for the household-specific variance in crop harvests are available, the specifica-
tion assumes that rainfall signals do not convey significant information on the variability of harvest
income and that its impact, if any, is uniform among sample households. Under this assumption,
time-invariant variance is captured by the observable characteristics, whereas the effects from the
time-varying part are subsumed into the calendar-month dummies. Although Figure 6 presents de-
scriptive evidence that rainfall during the agricultural season alters volatility in final outputs only
slightly, Section 4.5 checks the robustness of estimation results to this variance effect.

Because the main regressions are at the weekly level, general seasonality in household con-
sumption needs to be controlled for. For example, if prices systematically fluctuate across seasons,
it is optimal to consume more in periods of low prices relative to periods of high prices despite
incentives to smooth consumption. As shown in Figure 2, the survey area experiences substantial
seasonality in maize prices, as in other rural areas of sub-Saharan Africa (Gilbert et al., 2017; Burke
et al., 2019). Similarly, if marginal returns to nutrition are considerably high in busy periods rela-
tive to other periods, it would pay to increase consumption in these labor-peak periods (Dercon and
Krishnan, 2000). The systematic occurrence of illness’* and credit market access (Foster, 1995;
Fink et al., 2020) across periods are other factors that might create seasonal fluctuations in house-
hold consumption. To control for seasonal effects from price fluctuations and disease environment,
the vector of the controls (X};) includes total sick days for the family members of household ¢ in
week t and the maize price observed in site v in week ¢.> While the first differences in consump-
tion wipe out seasonal factors such as periodic taste changes and time-invariant household features,

24Empirical studies of human biology have reported that seasonal declines in nutritional status and the peak in
mortality rates coincide with the period of food scarcity before the harvest season.

23Since maize consumption amounts to more than half of the typical budget of households, the maize price is a
representative measure of the variation in the cost of consumption.
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we also include calendar-month dummies to control for any remaining seasonal aspects that might
affect consumption growth.”*

We estimate Equation (9) by ordinary least squares with robust standard errors clustered at
the household level. The coefficient of interest is [3;, capturing the effect of new information,
represented by rainfall amount, on consumption growth. Because this study focuses on household
responses to rainfall signals in an agricultural season, the estimation sample is restricted to the
five months from November to March. As a result, the structure of the data set for this empirical
regression is an unbalanced panel of the 48 agricultural households for 91 weeks.?’

Equation (8) builds on the assumption that households do not face borrowing constraints. Thus,
the estimated coefficients would be underestimated because of the presence of constrained house-
holds. Indeed, the more interesting theoretical prediction from Section 3.3 claims that the impact
of rainfall signals depends on asset levels and that their relationship is hump-shaped: households
with an intermediate level of buffer stocks more respond to information shocks than the poor and
the rich. To test this, the following model is also estimated:

Aln Cit = ﬁoRAINM_l + f(RAINi,t_l, MS,-,t_g) + 71MSi7t_2 + Yx JAN Xit + Eit (10)

where MS;; is the estimated maize stocks in kilograms at the beginning of week ¢. As a robustness
check, we also use the maize harvest of household ¢ in year y — 1 (HV,,_;) instead of MS;;. The
proposed hump-shaped relationship can be expressed as

d A\ 1ncy
—_ = MS; ;- 11
IRAIN, ; Bo + B1f(MS;;—2) (11)
To capture the flexible form, a natural cubic spline is fit to the data.”® Suppose that the number of
knots is n and denote knots as ¢; for j=1...n. In particular, Equation (11) is assumed to have the
following form using truncated power basis functions:

dAlIlC ol

it

— = By + BIMS, ;o + B:V; 12
dRAINi,t—l 0 ! 2 9 7 ( )

j:
where the basis function V; is defined as

(MS; -0 — tj-1)% = (tn — tn—1) {(MSi 2 — tno1)3(tn — tj—1) — (MS; im0 — t5)3 (tne1 — tj-1))]
(tn - tl)z

260ne implicit assumption here is that the seasonal factors affecting consumption growth over the weeks within a
certain month do not differ. While some weeks may have special meaning for local farmers (e.g., Christmas), this
assumption holds in the study area.

?7If the panel was completely balanced, we would have 4,368 household/week observations for the estimation sam-
ple. In practice, the number of available observations is 4,054 household/week observations, which indicates that the
proportion of missing data is 7.2%.

2 A natural cubic spline adds to a piecewise cubic polynomial the two additional constraints that the estimated
relationship is linear beyond the first and last knots in which outliers affect the results the most.

‘/}:
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for j=2,...,n-1 and (x), = max(z,0).”” A natural cubic spline with n knots can be represented as
n basis functions. For example, if the number of knots is determined to be 4, basis functions are
a constant term, MS, ;_» itself, V5, and V3. Under this specification, the main regression equation
(10) can be written as

n—1
Alncy = BRAIN;;_y + BIRAIN;, ; x MS;, 5+ Y BRAIN;, ; x V;
j=2
+7MS; o +7x A Xy + i (13)

The marginal effects presented in Equation (12) are predicted based on the estimates of the coef-
ficients (3; for j=0...n-1 in Equation (13). To construct the corresponding confidence interval for
Equation (12), we calculate the estimated standard errors of the predicted marginal effects using
the delta method.

The practical challenge is choosing the number of knots n in advance. In general, the variance
in the estimated function rises as the number of knots increases. To select the number of knots
based on the comparison among specifications with a different number of knots, we conduct a five
fold cross-validation (CV). Then, we choose the specification with the smallest CV estimate as the
empirical model for Equation (13).%

4.2 Baseline results

Table 5 presents the baseline regression results of Equation (9) for total household consumption
and food consumption.’! The estimation result in column (1) indicates that rainfall in the previ-
ous week of the crop season has a statistically significant and positive impact on total household

2Tf linear splines are instead applied, the corresponding specification would be

d /A Incy n—1
IRAIN. . . MS; - (MS;
dRAIN; Bo + B1 -2+ ; Bi(MS; 1—2)+

The preferred spline is a natural cubic spline, since it can achieve local polynomial representations in segments. In
particular, the advantage over a linear spline is that a natural cubic spline has continuous first and second derivatives at
pre-defined knots.

30The k-fold CV randomly splits the estimation sample set into k non-overlapping parts of equal size, and the model
of interest is fit to k-1 sets to assess the i-th out-of-sample data. The resulting fitted model is used to predict the
dependent variable on the i-th part of the data held out. Then, we evaluate the performance of the prediction model
based on the mean squared error (MSE), denoted by MSE;. This process is repeated k times for the k different folds.
The k-fold CV estimate of the prediction error is then calculated by averaging the MSE estimates across the k portions:

k
1
CVi =~ Z MSE;

i=1

The CV estimates differ across applications because of randomness in the sample splits.
3170 avoid disturbance from outliers, the top 1% and bottom 1% of household food consumption are dropped from
the estimation sample.
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Table 5: OLS estimates of the determinants of growth in consumption per adult equivalent

(1) (2) (3) 4)
Total Total Food Food
Rain (100mm), t-1 0.039%**  (0.091***  (0.040%**  (0.078%**

(0.010) (0.024) (0.009) (0.022)

Cumurative Rain (100mm) up to t-2 -0.000 0.005 -0.002 0.002
(0.003) (0.004) (0.003) (0.004)
x Rain (100mm), t-1 -0.010%* -0.008*
(0.004) (0.004)

Field-level shock dummy, t-1 0.027 0.025 0.029 0.027
(0.030) (0.030) (0.029) (0.030)

A Total sick days adults, t, t-2 0.011%** 0.011%** 0.006 0.006
(0.005) (0.005) (0.004) (0.004)

A Total sick days children (6 to 15) t, t-2 0.006 0.006 0.013 0.012

(0.010) (0.010) (0.009) (0.009)
A Total sick days children (0 to 5) t, t-2  0.012%**  (.012%** 0.008* 0.008%*
(0.004) (0.004) (0.004) (0.004)

A Log maize price t, t-2 -0.795%** -0, 797***  (.821*** -(.822%**
(0.064) (0.065) (0.055) (0.055)
A Survey dates t, t-2 0.100%**  0.100%**  0.100***  (,100%**
(0.024) (0.023) (0.021) (0.021)
Land size (ha), y 0.000 0.000 -0.001 -0.000
(0.003) (0.002) (0.002) (0.002)
Adult equivalent units, y -0.003 -0.003 -0.002 -0.002
(0.002) (0.002) (0.002) (0.002)
Calendar-month FE YES YES YES YES
R? 0.09 0.09 0.11 0.11
N 3322 3322 3322 3322

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. The dependent variable is the difference in the log of consumption per adult equiva-
lent between weeks t and t-2. The estimation sample is limtied to the planting and weeding periods (November to
March).

consumption in the current week: a one-standard-deviation increase in weekly rainfall by 75 mil-
limeters induces a 3% (=exp(0.75x0.039)-1) rise in total weekly consumption per adult equivalent.
A similar pattern can be confirmed for food consumption in column (3). Overall, the effect is rel-
atively small. Nevertheless, changes in consumption after observing rainfall signals should not be
overlooked for the following two reasons. First, the survey sample consists of very low-income
households: average real weekly consumption per adult equivalent is ZMW 4.4 (=USD 1.2) during
the sample period. As shown in Section 2, median consumption is much lower than average con-
sumption. Thus, even increases (decreases) in consumption by 3% may imply substantial welfare
gains (losses) for sample farmers. Second, this estimate shows an average effect because whether
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farmers change consumption levels in response to news depends on their ability to finance con-
sumption. For example, about 60% of household/week observations record a negative or zero cash
flow in the planting and weeding periods. In this sense, the estimation results are a combination of
unconstrained and constrained behavior by farmers.

Regression equation (9) relies on the assumption that households do not face borrowing con-
straints. If this is the case, past information should not affect current consumption growth because
farmers have already incorporated previous changes in their expectations, driven by past informa-
tion, into their optimal consumption plan. This theoretical implication is violated if the borrowing
constraints are binding because constrained households cannot optimally adjust their consumption
plans in the past. The estimated coefficients on cumulative rainfall amounts provide evidence that
past information does not affect current growth in total household consumption, suggesting that
average farm households can transfer resources across periods in some way.

Additional evidence is presented in the even columns in which the interaction term between
one-period lagged rainfall and cumulative rainfall is added into the regressors. The estimated coef-
ficients on this interaction term are significantly negative, consistent with the concave relationship
between annual rainfall and maize yields (Appendix Table C3): local farmers—after observing
higher rainfall in the previous week of the agricultural season—expect the maize harvest be high,
but this favorable effect is attenuated if previous rainfall amounts are also high because of the
underlying substitute relationship.

As shown in Figure 5, the impacts of rainfall on future maize harvests are not uniform across
months. Specifically, rainfall amounts from November and January are found to have a statistically
significant effect on maize yields. If sample farmers take advantage of advance information in their
decision-making process by observing rainfall patterns, household consumption growth would be
more responsive to rain in November and January. This is tested by replacing RAIN; ;_; with the
interaction terms between RAIN; ;_; and a monthly dummy for the corresponding previous week
(i.e., week t-1). The control variables are the same as those in Table 5. The estimation results in
Table 6 show that the main effect comes from January rainfall. Although not significant at any
conventional statistical level, the effect sizes of November rainfall are also remarkable.’> Thus,
Table 6 supports the main story of this study.

4.3 Asset-differentiated impacts

To test the main prediction that the impact of advance information has a hump-shaped relationship
with asset stock levels, Equation (13) is run using weekly maize inventories (MS;;_»). To select
the number of knots, five-fold CV is performed on Equation (13). Based on the result shown in
Appendix Figure B4, the following empirical analyses use four knots.* Following Harrell’s (2015)

320ne possible explanation for the imprecise estimates of November rainfall might be that cash demand is compar-
atively high in this month because of purchases of agricultural inputs such as fertilizer and seeds whose application
timing is presumably correlated with weekly rain. As another speculation, some farmers do not think of November
rainfall as a decisive signal of final maize outputs, even though the production data reveal the statistically significant
association (Figure 5).

33 Appendix Figure B4 presents the typical CV estimates by the number of knots. For comparison purposes, the CV
estimate based on Equation (13) only with the interaction term between HV; ,_; and RAIN; ;_ is also reported at the
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Table 6: Rainfall impacts on consumption growth by month
(1) (2)

Total Food

Rain (100mm), t-1 X November, t-1  0.096 0.068
(0.099) (0.090)

Rain (100mm), t-1 x December, t-1  0.017 0.021
(0.025) (0.024)
Rain (100mm), t-1 x January, t-1 0.087* 0.081%**
(0.049) (0.039)

Rain (100mm), t-1 x February, t-1 0.013 0.008
(0.016) (0.015)

Rain (100mm), t-1 x March, t-1 -0.037  -0.002
(0.032) (0.028)

Cumurative Rain (100mm) up to t-2  0.005 0.003
(0.004) (0.004)

Calendar-month FE for week t YES YES
Calendar-month FE for week t-1 YES YES
R? 0.11 0.14
N 3322 3322

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. The dependent variable is the difference in the log of consumption per adult equiva-
lent between weeks t and t-2. The estimation sample is limtied to the planting and weeding periods (November to
March). The same set of controls as in Table 5 are included but not reported.

recommended percentiles, the knot locations are chosen as the 5th, 35th, 65th, and 95th percentiles
of the distribution of MS; ;.

Based on the estimation results of Equation (12) with MS, ;_,, Figure 10 presents the estimated
marginal effect of rainfall on consumption growth, represented by Equation (13), for each stock
level.** As shown in Panel (a) of Figure 10 using maize stocks based on Method 1, the marginal ef-
fects have a hump-shaped relationship, consistent with the earlier theoretical prediction. However,
the relationship is imprecisely estimated for households with a high volume of maize grain stocks.

To check the robustness, we run the same regressions with a series of maize grain inventories
computed by Method 2. The results summarized in Panel (b) of Figure 10 show more striking
results: households with an intermediate level of maize stocks respond to rainfall signals the most,
whereas those with more grain stocks do not react to them. For example, the 95% confidence inter-
val does not contain zero over a region between 200 kg and 1,100 kg, suggesting that households

point in which the number of knots is zero. Appendix Figure B4 shows that the models based on cubic splines have
smaller MSEs than the model with only an interaction term. Although there are no substantial differences between
three and seven knots, the model with four knots tends to take the smallest MSE.

34 A natural cubic spline with the full sample poorly behaves in the tails of the asset variables. To increase the
precision of the estimates, the estimation sample is limited to 10-90% of maize stocks for Figure 10 and 5-95% of the
last year’s maize harvests for Appendix Figure B5. Only for graphical purposes, the minimum amount is added for
each stock variable since some values take negative values.
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Figure 10: Impacts of weekly rainfall by maize stocks

Notes: The dashed and solid lines respectively show the 95% confidence intervals and estimated marginal effect.

that had these levels of grain inventories respond to rainfall signals on average but households with
450 kg maize harvests react to those the most.™

The estimated maize stock based on Method 1 is less reliable over a range of high volumes
of stock due to potential accumulated measurement errors. On the contrary, Method 2 has less
ability to capture relatively small amounts since carrying stock over from before harvest is not
allowed. Combining results from Panels (a) and (b) of Figure 10, our data fairly well confirm the
theoretically predicted relationship.

One may concern that current asset stock levels are endogenous since those are reflected by
household behavior in the past. Because the maize harvests in the previous year can a good ap-
proximation of current maize stocks, Appendix Figure B5 shows the same result except for using
the previous year’s maize harvests. In similar to Figure 10, a hump-shaped relationship is detected
although the relationship is less clear because of less time-variations in the previous year’s maize
harvests.

Overall, the main results presented so far provide evidence that while even constrained house-
holds can change their consumption schedules in advance of the actual occurrence of income
shocks, responses to advance information depend greatly on the available buffer stock levels.

33The same patterns are also confirmed by the specifications based on linear splines (results not shown).
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4.4 Alternative explanations: Non-separable preferences with leisure

We examine alternative hypotheses. The previous analysis rested on the assumption that leisure is
not an argument of the utility function. In the survey area, however, treating labor and leisure as
choice variables may be important for two competing reasons. One is the complementarity between
consumption and leisure. If high rainfall saves working hours for any reason, farmers can enjoy
more leisure time and increase consumption levels because of the complementarity. For instance,
in the study villages, rainwater is stored and used for water to drink and wash dishes and clothes,
which suggests that households can save the time usually spent fetching water after a rainy week.
The second reason reflects the reality of an agrarian economy characterized by incomplete labor
markets. The underlying idea is the nutrition—productivity link: better nutritional status leads to
higher productivity.’® Since most work in the economy is physically demanding, the nutritional
status of workers can positively influence time worked and labor productivity in principle (de Jan-
vry and Sadoulet, 2006). Under this assumption, returns to investments in nutrition significantly
change in accord with the agricultural cycle. For example, food demand would be high to boost
labor productivity in the peak season of production. Whereas the calendar-month dummies in the
main regression control for the usual seasonal differences in labor demand, weekly rainfall can
affect the return on labor inputs and immediately change labor demand, which may increase house-
hold consumption through the proposed nutrition—productivity link. Indeed, anecdotal evidence
indicates that local farmers plant maize seeds after receiving a “good” amount of rain at the be-
ginning of the crop season to avoid the failure of the seed to germinate because of the lack of
subsequent rainfall (Shimono et al., 2012). Furthermore, time spent weeding could increase if high
rainfall promotes weeds on fields. Thus, the possible relationship between rainfall shocks and labor
demand is the central threat to the main story of this study.

We check this alternative channel using the weekly time use data by examining the effect of
weekly rainfall on household working hours. If the complementarity between leisure and con-
sumption plays an important role, working hours would respond to weekly rainfall in a different
direction to consumption. On the contrary, consumption and working hours would change in the
same direction if the nutrition—productivity link drives the baseline results.?’

Replacing the dependent variable with changes in total working hours between weeks t and t-2,
we estimate Equation (9) separately for male and female family labor.*® We define total working
hours as the sum of time spent on agricultural work, non-agricultural work, and household chores.
The results in columns (1) and (2) of Table 7 support the first possibility: when it rains in the

3Empirical support for this productivity effect of calorie consumption is weak in the literature (Strauss, 1986;
Deolalikar et al., 1988; Behrman et al., 1997). Nevertheless, discussions on the nutrition—productivity link are essential
since this possibility is the main threat to our central claim.

37This testable hypothesis is similar to Kazianga and Udry (2006)’s result. They discuss the nutrition—productivity
link in the context of consumption smoothing and claim that if households smooth perfectly, consumption and farm
labor demand must move in the same direction in response to transitory shocks. The same interpretation would be
applied to the farmer’s response to information shocks.

3Market wage rates are not controlled for since they are not available in the dataset. For consistency, the sample
restriction rule (see Footnote 31) is the same as in Table 5.
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Table 7: Determinants of changes in working hours per capita

(D) ) (3) @)
Domestic Domestic
Total Total work work
Rain (100mm), t-1 -0.498 -0.478 -0.245% -0.287
(0.399) (0.383) (0.136) (0.176)
Cumurative Rain (100mm) up to t-2 -0.096 0.209 -0.048 0.017
(0.120) (0.139) (0.034) (0.060)
Field-level shock dummy, t-1 0.116 -0.338 -0.004 -0.210
(0.686) (0.640) (0.190) (0.365)
A Total sick days adults, t, t-2 -0.326%* -0.544 %% 0.043 -0.359%***
(0.122) (0.180) (0.049) (0.076)
A Total sick days children (6 to 15) t, t-2 -0.130 -0.192 -0.133%%* -0.231*
(0.197) (0.229) (0.049) (0.117)
A Total sick days children (0 to 5) t, t-2 -0.080 -0.217* 0.058%* -0.074
(0.089) (0.123) (0.031) (0.066)
A Log maize price t, t-2 4.006%* 1.605 0.206 -0.230
(1.588) (2.194) (0.752) (0.825)
A Survey dates t, t-2 1.730%* 2.993%#** 0.342 2.475%*%
(0.801) (0.871) (0.248) (0.552)
Land size (ha), y 0.089 -0.042 -0.021 -0.051
(0.059) (0.076) (0.020) (0.036)
Adult equivalent units, y 0.030 0.057 0.014 0.035
(0.058) (0.042) (0.014) (0.025)
Sample Male adults Female adults Male adults Female adults
Calendar-month FE YES YES YES YES
R? 0.02 0.03 0.01 0.05
N 3003 3295 3003 3295

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, **
at 5% level, and * at 10% level. The dependent variable is the change in total working hours per capita between
weeks t and t-2. The estimation sample is limtied to the planting and weeding periods (November to March).

previous week, adults work less and thus enjoy more leisure time. The reduction in total house-
hold working hours mainly comes from the decrease in time spent on domestic work, as shown in
columns (3) and (4) of Table 7.%° These findings are consistent with the first possibility that rainfall
in the previous week reduces demand for household chores and increases leisure time for family
members, thereby increasing household food consumption through the possible complementarity
between consumption and leisure. However, estimated coefficients are insignificant or marginally
significant at most.

3The regressions using time spent on either agricultural activities or non-agricultural work find that coefficients on
rainfall are not statistically significant at any conventional level.
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Table 8: Rainfall impacts on changes in working hours by month

(D @ 3) @)
Domestic Domestic
Total Total work work
Rain (100mm), t-1 x November, t-1 0.832 2.319 0.121 -0.212
(2.229) (1.769) (0.950) (0.759)
Rain (100mm), t-1 x December, t-1 -2.179%* -0.779 -0.427* -0.305
(1.166) (0.857) 0.247) (0.479)
Rain (100mm), t-1 X January, t-1 1.096 0.865 -0.476 -0.574
(0.978) (1.229) (0.460) (0.891)
Rain (100mm), t-1 x February, t-1 -0.094 -0.995%* -0.176 -0.290
(0.476) (0.449) (0.105) (0.202)
Rain (100mm), t-1 x March, t-1 -1.027 -0.392 0.019 -0.289
(1.253) (1.213) (0.399) (0.618)
Cumurative Rain (100mm) up to t-2 -0.109 0.174 -0.016 0.057
(0.149) (0.170) (0.038) (0.073)
Sample Male adults Female adults Male adults Female adults
Calendar-month FE for week t YES YES YES YES
Calendar-month FE for week t-1 YES YES YES YES
R? 0.02 0.03 0.01 0.05
N 3003 3295 3003 3295

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, **
at 5% level, and * at 10% level. The dependent variable is the change in total working hours per capita between
weeks t and t-2. The estimation sample is limtied to the planting and weeding periods (November to March). The
same set of controls as in Table 5 are included but not reported.

If this effect is sizeable despite their statistical significance, it may be concluded that households
may adjust consumption because of changes in leisure time thanks to rainfall instead of changes
in their expectations of future maize harvests. However, the following three pieces of evidence
suggest that this competing possibility is not the main driver of the change in consumption in the
study villages. First, Table 8 reports the results from the same exercise as Table 6 except using
changes in total working hours as the dependent variable to examine the impact of rainfall on labor
hours by timing. As shown in Table 8, no statistically significant impacts are found for January
rainfall. Second, Appendix Table C7 tests whether the coefficients on rainfall remain significant in
the consumption growth regressions even after controlling for changes in the total working hours
of male and female adults. Although the changes in the total working hours of men and women
are clearly endogenous, this regression offers a rough test of the over-identification restriction.
As shown in Appendix Table C7, the estimated coefficients on the rainfall signal are similar to the
results of the baseline specification (Table 5) in terms of both magnitude and statistical significance.
As further checks from a different angle, Appendix Figures B6-BS8 replicate Figure 10 for the total
working hours of men and women. They show no significant impact at any local level of asset
stocks, and the patterns are not comparable to those for consumption growth. Taken together, the
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main results are robust to the possibility of non-separable preferences with leisure.

4.5 Alternative explanations: Variance

An additional concern is raised by the discussions presented in Section 2.3: rainfall signals may
convey information on the variability of future harvests. The reason for changes in household
consumption could be that the household expects future maize harvests to be more certain after
the receipt of new information. The reduction in yield uncertainty will decrease the precautionary
saving motive and lead risk-averse households to increase consumption. In the above regressions
with the level of rainfall as the main independent variable, these effects on the second moment
might contaminate the effects on the first moment. However, the primary finding is from January
in which volatility in maize yields seems to be fairly constant across different rainfall ranges (see
Figure 6). In addition, the same regression equation (9) after dropping the extremely high rainfall
in December still finds the comparable result with Table 5 (results not shown).*’ Thus, the baseline
results still hold even after taking into account the impact of rainfall signals on variability in maize
harvests.

4.6 Alternative explanations: Returns to grain stocks

High rainfall can cause the direct loss of stored grain inventories due to a great incidence of
mold and insect pests (Kadjo et al., 2018). As such, rainfall patterns during the agricultural season
may affect returns to holding maize grain in food storage.*' We cannot separate this possibility
from the effect of rainfall signals through changes in expectations of future harvests, since they
basically work in the same direction. However, if the changes in returns to holding grains drive
the main results, other food consumption would not respond to rainfall signals. To test this idea,
livestock self-consumption provides a good opportunity, since livestock is also an important buffer
stock in the study site (Miura et al., 2012). While returns to keeping livestock presumably depend
on recent weather patterns in the short run, the underlying assumption of this exercise is that the
impact of rainfall on returns to keeping livestock does not match the impact on returns to grain
holdings exactly. If rainfall works as an informative signal of future harvests, households would
increase the self-consumption of livestock as well as maize consumption.

Replacing the dependent variable with changes in the value of livestock self-consumed between
weeks t and t-2, Equation (9) is re-estimated.*> The results in Tables 9 and 10 indicate that live-
stock self-consumption indeed reacts to rainfall in January, which provides evidence to reject the
possibility that the changes in returns to holding grain stocks lead to the main results.

4OMore precisely, the estimation sample excludes observations with weekly rainfall above 132.5 millimeters in the
planting period. This threshold value of rainfall corresponds to the 95th percentile of the distribution for the period.

4IReturns to grain stocks are also dependent on seasonal changes in grain prices. This effect is directly controlled
by the changes in maize prices in the vector of the control variables.

“2Like the estimation with total consumption growth, we drop the top and bottom 1% of the dependent variable from
the estimation sample.
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Table 9: Determinants of livestock self-consumption
©) 2)
Rain (100mm), t-1 0.029**  0.070**
(0.011)  (0.026)
Cumurative Rain (100mm) up to t-2  -0.002 0.002
(0.003)  (0.004)

x Rain (100mm), t-1 -0.008%**
(0.004)
Calendar-month FE YES YES
R? 0.02 0.02
N 3383 3383

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. OLS is used for the estimation. The dependent variable is the change in livestock
self-consumption per adult equivalent between weeks t and t-2. The estimation sample is limtied to the planting
and weeding periods (November to March). The same set of controls as in Table 5 are included but not reported.

Table 10: Rainfall impacts on livestock self-consumption by month

(1)
Rain (100mm), t-1 x November, t-1  -0.032
(0.097)
Rain (100mm), t-1 x December, t-1 0.018
(0.039)
Rain (100mm), t-1 x January, t-1 0.095*%*
(0.047)
Rain (100mm), t-1 x February, t-1 -0.001
(0.015)
Rain (100mm), t-1 x March, t-1 -0.007
(0.028)
Cumurative Rain (100mm) up tot-2  0.004
(0.004)
Calendar-month FE for week t YES
Calendar-month FE for week t-1 YES
R? 0.05
N 3383

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. OLS is used for the estimation. The dependent variable is the change in livestock
self-consumption per adult equivalent between weeks t and t-2. The estimation sample is limtied to the planting
and weeding periods (November to March). The same set of controls as in Table 5 are included but not reported.
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Table 11: Determinants of changes in weekly non-food consumption levels

(1 (2) (3) 4)
Luxury Household  Medical  Other
goods goods expenditure services
Rain (100mm), t-1 0.003 0.050 0.002 0.010
(0.005) (0.040) (0.003) (0.034)
Cumurative Rain (100mm) up to t-2 0.000 0.011 -0.000 0.010
(0.001) (0.009) (0.001) (0.008)
Field-level shock dummy, t-1 -0.001 0.011 -0.011 0.005
(0.007) (0.037) (0.008) (0.038)
A Total sick days adults, t, t-2 0.002 0.035 0.009%#*%* 0.026
(0.003) (0.033) (0.003) (0.021)
A Total sick days children (6 to 15) t, t-2  0.007 -0.024 0.007 -0.024
(0.007) (0.018) (0.005) (0.019)
A Total sick days children (0 to 5) t, t-2 0.002 0.009 0.005%** 0.010%*
(0.001) (0.013) (0.002) (0.006)
A Log maize price t, t-2 -0.011 0.326 0.013 0.089
(0.028) (0.229) (0.019) (0.172)
A Survey dates t, t-2 -0.011* -0.020 -0.008 0.070
(0.006) (0.028) (0.006) (0.065)
Land size (ha), y -0.001 0.010 0.000 -0.003
(0.001) (0.010) (0.000) (0.004)
Adult equivalent units, y 0.001* 0.004 -0.000 0.001
(0.001) (0.009) (0.000) (0.001)
Calendar-month FE YES YES YES YES
R? 0.01 0.00 0.03 0.01
N 3322 3322 3322 3322

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. The dependent variable is the change in consumption levels of each category between

weeks t and t-2. The estimation sample is limtied to the planting and weeding periods (November to March).

4.7 Additional evidence

The main story of this study is that farm households in rural Zambia can change consumption in
response to advance information before income changes actually happen by adjusting buffer stocks,

especially grain inventories. We present additional supporting evidence in this final subsection.

The previous empirical regressions showed that higher rainfall in the previous week leads to
higher household consumption, particularly food consumption. Is there any effect on consumption
in other categories? To answer this question, we examine changes in expenditure in the categories
of luxury goods, household goods, medical expenditure, and other services.*> The estimation re-

43Luxury goods include alcohol, tobacco, and snacks. Examples of household goods are tableware, clothes, and
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Table 12: Rainfall impacts on non-food consumption by month

(1) (2) (3) 4)
Luxury Household  Medical Other
goods goods expenditure  services
Rain (100mm), t-1 x November, t-1  0.050%* 0.161 -0.028 -0.019
(0.029) (0.413) (0.018) (0.082)
Rain (100mm), t-1 x December, t-1  -0.000 0.056 0.004 0.023
(0.017) (0.070) (0.003) (0.045)
Rain (100mm), t-1 x January, t-1 -0.045 0.132 -0.016 0.073
(0.049) (0.092) (0.016) (0.119)
Rain (100mm), t-1 x February, t-1 0.007 0.034 0.012 0.005
(0.005) (0.056) (0.007) (0.022)
Rain (100mm), t-1 x March, t-1 0.009 -0.144%* -0.004 -0.079%*
(0.007) (0.069) (0.009) (0.039)
Cumurative Rain (100mm) up to t-2  0.003** 0.012* 0.001 0.010
(0.001) (0.006) (0.001) (0.007)
Calendar-month FE for week t YES YES YES YES
Calendar-month FE for week t-1 YES YES YES YES
R? 0.01 0.01 0.03 0.01
N 3322 3322 3322 3322

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. The dependent variable is the difference in the log of consumption per adult equiva-
lent between weeks t and t-2. The estimation sample is limtied to the planting and weeding periods (November to
March). The same set of controls as in Table 5 are included but not reported.

sults in Table 11 show that no commodity group has a relationship with lagged-period rainfall.
According to Table 12 that investigates the effects of the timing of rainfall, only household spend-
ing on luxury goods reacts to rainfall amounts in November (note that November rainfall has certain
predictive power for future maize harvests, as shown in Figure 5). These findings suggest that the
positive impact of rainfall on household consumption is driven mainly by increases in food con-
sumption, which typically has a large share of survey households’ budgets. In addition, these results
are consistent with the main idea of the buffer stock saving model that households can borrow and
save against future income by adjusting the level of buffer stocks in general and grain inventories in
particular. One possible explanation for the limited evidence on the impacts on the other consump-
tion categories is the non-negligible transaction cost incurred when households sell grain maize in
local markets.

Except for stock adjustments, agricultural households may have alternative ways to source con-
sumption upon the arrival of new information. As important examples, we examine the roles of
cash and gift transactions with relatives and friends and livestock transactions in local markets.

necessities such as soap and candles. Medical expenditure consists of medical fees and expenditure on medicine.
Finally, other services include fees involving maize-milling, schooling, transportation, and mobile phones, among
others.
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Table 13: Determinants of net saving

(1) (2) (3)
Net cash Net gi‘ft Livestock
transactions transactions net saving
Rain (100mm), t-1 0.003 -0.217 -0.139
(0.054) (0.129) (0.215)
Cumurative Rain (100mm) up to t-2 -0.057%* -0.050 0.280
(0.029) (0.045) (0.253)
Field-level shock dummy, t-1 0.077 0.489 0.533
(0.081) (0.368) (0.971)
A Total sick days adults, t, t-2 0.057 0.023 -0.372
(0.046) (0.016) (0.280)
A Total sick days children (6 to 15) t, t-2 0.043 -0.030 0.039
(0.047) (0.021) (0.048)
A Total sick days children (0 to 5) t, t-2 0.049 0.033 -0.023
(0.063) (0.031) (0.075)
A Log maize price t, t-2 -0.183 1.172 -4.982
(0.306) (1.177) (3.738)
A Survey dates t, t-2 -0.180 -0.102 -0.964**
(0.133) (0.061) (0.411)
Land size (ha), y -0.012 -0.006 -0.012
(0.008) (0.005) (0.099)
Adult equivalent units, y 0.011 0.009 -0.076
(0.009) (0.010) (0.080)
Calendar-month FE YES YES YES
R? 0.00 0.01 0.01
N 3208 3322 3322

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. OLS was used for the estimation. The dependent variable is the change in net saving
of the specified assets between weeks t and t-2. The estimation sample is limtied to the planting and weeding
periods (November to March).

The net saving equations for transactions involving livestock and cash are estimated by replacing
the dependent variable with changes in net saving between weeks t and t-2 in Equation (9). Since
negative values stand for dissaving, the coefficients on rainfall are expected to be negative if these
assets are used to finance household consumption after observing positive information shocks.

Table 13 summarizes the estimation results for net saving in the form of cash, gifts, and live-
stock. We define net saving through cash transactions as the value of cash sent to relatives and
friends, net of the value of cash received from them. Net saving in the form of gifts is defined
similarly. Table 13 may indicate that sample households receive gifts in response to high rainfall in
the planting/weeding periods. However, the effect is not economically significant. A one-standard-
deviation increase in rainfall by 75 millimeters in the previous week induces households to receive
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more gifts worth approximately ZMWO0.16 (= 0.217x0.75) per household in the planting/weeding
periods. Thus, the effect does not solely account for the corresponding increase in food consump-
tion. Finally, we define net saving in the form of livestock as the value of livestock purchased and
given as a gift, net of the value of livestock sold and given as a gift. As shown in column (3) of
Table 13, the estimates for net saving in the form of livestock do not show any significant results.
Combining these results with the previous finding that rainfall in the previous week only affects
food consumption, we can conclude that sample households behave in a forward-looking way in
response to the arrival of new information by simply adjusting grain inventories. Since maize
consumption accounts for a large share of food consumption, adjustments to maize stocks serve
as a primary mechanism through which agricultural households use the new information fully.
The observed asset-differentiated impact also suggests that the degree of forward-looking behavior
is significantly limited by the level of available grain inventories. Overall, the empirical results
presented in this study are consistent with the buffer-stock saving model with borrowing constraints.

5 Conclusions

This study tests farmers’ forward-looking consumption behavior by exploiting the sequential nature
of agricultural production in rural Zambia. Using high-frequency household data, the empirical
results reveal that poor agricultural households indeed behave in a forward-looking fashion by
responding to new information on future crop harvests. Another important finding is that their
responses differ according to the level of buffer stocks such as grain inventories, consistent with
the prediction by the buffer stock saving model with borrowing constraints.

The asset-differentiated effects have rich implications for a wide array of development policies.
For instance, Rosenzweig and Udry (2013) report that planting investment decisions by Indian
farmers respond to official weather forecasts, especially when they are accurate. The empirical
evidence from this study suggests that the provision of formal weather forecasts also has favor-
able impacts on consumption behavior, especially for households in the middle asset group. For
asset-poor households, another policy intervention such as timely credit provision would be more
effective by enhancing their ability to transfer resources over time.**

From a more general policy perspective, understanding how local farmers take advantage of
natural signals (e.g., rainfall) to predict the state of the world is particularly important for areas in
which people have limited access to formal weather forecasts and still follow indigenous knowl-
edge, including the sample area of this study (Luseno et al., 2003; Lybbert et al., 2007). For
example, if households react to weather conditions and change their behavior before the harvesting
period, the timing of the announcement of food aid delivery needs to take immediate household
consumption responses into consideration.

The main contribution of this study is the provision of empirical evidence on forward-looking
behavior in developing countries. Given the scarcity of analysis in the literature because of the lack
of high-frequency data on signals and the responses to them, the evidence presented in this paper is
expected to shed light on a new aspect of the consumption behavior of small-scale farmers living

4 Alternative explanation for the null reactions of asset-poor households to new information is that their decision-
making is psychologically biased by scarce grain reserves per se (Fehr et al., 2019).
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in a highly uncertain world. However, this study captures only one type of information shock on
household income and relies on data drawn from a small sample. To examine whether these results
have external validity, the further collection of high-frequency data is desirable.
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A Approximate solutions

A.1 Derivation of Equation (7)

If ¢i(c1, I1, 65) is an interior solution, it is a solution to uy(c}) = H—giEg [ug(1473)(Xa(cr) —cb) +

ys3)|I1, 62]. Denote this equation as Equation (*). Then, the first-order condition with respect to ¢;
can be written as
’ 1 80* (Cl ]1 92) ’
E 2 ) ) * [ 9 Z—
uy(c1) + 140, 1 e, uy(c3(ea, 11, 02)) | 1h]

(1+T2)(1+T3) ’ .
T 0) (1 1 0y) DMl (L) (Xa(er) = &) + gl
805(617[1702) ’

L dcy ug((1+73)(Xa(cr) — 3) + ys)|11]

- E
(1+65)(1 + 05) i

+ 80’2‘(01, Il, @2)
801

X\ = Ba((1+ 1) )] = 0 (14)

o » . dck(cr,11,02)
Hence, the complication comes from conditional covariances COV(%(+112), us(ci(er, Ih,09)))

and Cov(%&h’%), uy((1 + r3)(Xa(c1) — ¢5) + y3)). However, %&h’%) does not depend on
a random variable 0, with the standard preference assumptions. In fact, Section A.2 shows this
under the assumption of Var((}|/;, 0>) = Var(¢;|[;) and CRRA preferences. Thus, %&f“e{")
marginal utilities are independent at least under these assumptions.

In addition, by taking expectations conditional on ; for both sides of Equation (*), we have

and

Buluci(er, T )11 = 15 Bl (1 + ) (Xaler) = 65) + o)

Using these, the second and forth terms of Equation (14) are cancelled out, and the third term can
be expressed as — 1172 F, [uy(c5)|11]. Thus, Equation (14) reduces to

1482
, 1+7r L ocy(cy, 11,0
() = T By ] = da = FDul(1 -+ r2) + ZHED By g

c5 is assumed to be an interior solution to the period 2 problem, which implies Ay = 0 for sure.
Thus, Equation (14) is re-written as u, (c;) = ﬁ—ng1 [us(c3)|11]+ A1, and the inter-temporal optimal
consumption plan between periods 1 and 2 should satisfy

]_+7"2
14 99

uy (c1) = max[u; (X1), Ex[uy(c3(cr, 1)) 14]]

This corresponds to Equation 7.
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A.2 Consumption and income innovations

Section 3.1 derived the Euler equations in a general form. In order to derive an exact relation-
ship between changes in prediction toward harvest income and consumption innovations under
the buffer-stock saving model with borrowing constraints, the assumption of constant relative risk
aversion preferences (CRRA) is additionally imposed on the general model. Specifically, the model
assumes that the instantaneous utility has the following form:

clmr .
U = atlt_p Z.f p>07 p#l
aplne if p=1

in which p measures the relative risk aversion. Because the model with CRRA preferences does
not yield the closed-form solutions of consumption, approximate solutions are derived following
Blundell and Stoker (1999). It is easier to work with the expected available wealth, denoted by
X,, instead of actual cash-on-hand X,. The ex-post identity regarding the life-time resources in
Equation (3) can be reformulated as

Cc C
1 1 ) 2

5 1
g =X1+

(14 79)(1+73) (1+r2)(1+r3)C3

where X is the expected available wealth at period 1, thatis X; = A;+y;+ T Jrlm Yot +r2)1(1 =3 Eqlys|1]

and (3 is a forecast error from the vantage point of period 1, that is (5 = y3 — E1[ys|1]. The point to
make is that the budget constraint is different period by period. When the farmer observes 6, at the
start of period 2, the expected value of y3 will be revised as Es[ys| I, 6] = E4[y3|01] + E2[(3] 11, 62]
and a remaining forecast error can be written as (§ = y3 — E1[ys|01] — Es[(3]11, 05]. The rational
expectations assumption implies F1[(3|1] = E»[(f|]1,02] = 0. Given these notations, the budget
constraint in period 2 can be written as

C3 % E5(Gs|11, 02) Gs > G3
=(1 X1 — =X
02+1+T3 ( +r2)( ! Cl)+ 1+T3 +1+7”3 2+1+T’3
where Xy = (1 +75)(X; — ¢1) 4 ¢ with ¢ = %ﬁlfﬂ.
Using the defined X,, the Euler equation in period 2 can be written as:
_ L+ry)t? - _ X, —c
p ( 3 . o P 2 2 P
M2l = T s ¥ o az(Xa — ) Ez[(X2 Tt G )P 11, 0] + Az (15)

1+7r3

This equation implicitly defines ¢, as a function of the exogenous variables. However, there is
no analytical solution for this consumption function. Following Blundell and Stoker (1999), the
strategy here is to approximate the F5 term in Equation (15) by a second-order Taylor expansion of
the integrand around optimal consumption levels in a perfectly certain world without any borrowing
constraints. By expressing the integrand as a percentage of initial available wealth X, the Es term
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1S rewritten as:

§3
E. r 16
2[( Q3 + ¢3) ] ( )
in which Q3 = Xﬁi‘ﬁﬂ and ¢3 = m Denote €2 and ¢4 as the same expressions in a

certain world without borrowing constraints. Since there is no uncertainty in ys in this alternative
world, ¢4 should be 0 with a probability of 1. Because of Fs[¢s|I;,02] = 0 by assumption in
the main setting, the second-order expansion of Equation (16) around the perfect certainty values
(Qs3, 03) = (24,0) yields

Qs pl+p) 1
E, L, I+ —F——=30 (17)
[(93 i ¢3) | 1 2] 9 (Qg)g 3|2
where 03‘2 = Var(¢3) = ( Xl\(/ﬂfi %’iﬂg))Q captures income risk relative to available wealth. In the

certain world without any borrowing constraints, optimal consumption levels can be expressed as
fixed shares of assets in each period:

1
¢ = T ol T X":le"
L (L+72) 7 (22)7 ()P [+ (22)7 ()7 (14 7))
1
g = T T X0=w2X°
L+ (22)0 () (L4 7a) 7

G = (1—ws)(l+73)X5

in which X0 = A, +y; + 1+T Y2 + (1+T2)(1+T 7ys and X9 = (1+75)(X? — ). Substituting these
optimal solutions under a certain world into €24 yields

Then, Equation (17) can be approximated as

QB o p(1+p) 3y

Plosa v amara

As a result, the Euler equation (15) can be expressed as

Ltrglr o p(l+p) 73
acp%(—aX—c (14 + A

22 1+ 63 s(Xz =) 2 (1—w)(1—w2)> 2

L+ry)tr , & _
= %C%(XQ —CQ) p+/\2
3
0.2
where o = ag(1 + 2 (1; P) (1—w§)23(|i—wg)2 ). The main difference with the perfect certainty case is
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that marginal utilities from future consumption are adjusted by the variance of future income and
wealth stock levels (o§|2). From this, the approximate solutions when borrowing constraints are not
binding can be shown as:

e = w((l+r)(Xi—a)+ ) (18)
ez = (L+r)(l—wp)(T+7r) (X —e) +G)+G
1 1
(1+d3) P af
1 1 1-p 1
(1403) 7 (a) P +(1+r3) 7 (03)P
by spending the fraction w3 of available wealth in period 2. The relationship between consump-
tion and income innovations can be derived from the Euler equation relating the second-period
consumption to the third-period consumption. The Euler equation between periods 2 and 3 is

in which wj = . This suggests that the household adjusts for income risk

(0] 1—|—T3 1
Q2 LS By |11, 05] + A
Z 1+53063 2[c§| 15 02] + Ao

Consider the case when borrowing constraints are not binding. Define the consumption innovation
[Us as [lg = (i—z)pg—i% = 17 Substituting the approximate solution c; in Equation (18) into this

and rearranging,

1+p ‘7§|2

Gs )
2 (1 —wp)?(l = wg)?

(1+ 7“3)()22 — )

C3yp @21+ 05
Co 0431+T3

—(1+

)P(1+

Q

3

Taking logs and using the approximation of In (1 4+ ) ~ z for a small z,

1 (6% 1+53 C; 1+,0 0-§|2
Alnes ~ ——In(—= + = + (19)
3 P <Oé3)(1+7“3) (1—|—T3)(X2—02) 2 (1_(*)(1))2(1_(")3)2

in which A is the first-differencing operator. Note that (; represents unexpected income shocks
which actually happen in period 3.

If the borrowing constraint is binding in period 2, the growth in consumption between periods
2 and 3 is

Alncg =Iny; — In Xy

As for the maximization problem of period 1, the first-order condition, conditional on that the
borrowing constraint is not binding in period 2, can be written as

Qy

(651 (%)

_ *\1— 1— > _ _
c_f_ 1+52(w2) P(T+71e) (X — ) pE1[(Q2+¢2)p]+
&3 —w)r 1-p l=p(Y. _ o\~ P £ P
(]_—|—($2)(1—{—53) (1 w2) (]."‘TQ) (1+T3) (Xl Cl) El[(92+¢2+ lfig) ] +>\1
(20)
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in which Qy = XIX—:CI and ¢p = < (ﬁm). Note that Fy[¢2|I;] = 0 by the rational expectations

assumption. As before, the second-order Taylor expansion around (25, ¢o) = (€29, 0) yields

> pl+p) 1
E PR I LA A
1[(Qg+¢2) ] 9 (Qg)gazu
and,
Q, p(l+p) 1 %3
FE All4+—-—--rt—(ooy + —————
1[(QQ+¢2+ 1(;53);)] 9 (ch))2( 2|1 (1—&}5)2)

where 05“ = Var(¢9) = % The derivation builds on the assumption that the variance of (3

is not affected by (; (and hence 6,), that is Var((;|/1,62) = Var((;|/1). Without this assumption,

w; also depends on the updated ¢;, which adds additional non-linearities to the approximation.
Because 25 = % = (1 — w?), the Euler equation can be rewritten as
1

ar  (I+r) " s _ (14 7o) =P(1 +r3)' " Loy & _
& 1+ o, (w3) (X1 — 1) Pas" + (11 05)(1+ 05) (1—ws3) (Xy =) Paz" + N

0.2
i which a3 = ay(1 4 252 Lo ) and o = a1 + 250 108 4 %) T

if A\; = 0, we have an approximation solution of first-period consumption:

1 - -
_ (1-|—7“2)14;2 *\1—p - kk (14rz)l=r \1—p k] :
where I' = —=2——[(w3) "*as" + 75— (1 — w3) "Pa3’]». On the other hand, if A, # 0,

(1+82)a1)#
Cc1 = Xl.

In the case in which borrowing constraints are binding in period 2, it can be shown that the
consumption function has the form of

1

1 N
(82)7 (32)7 + (L +72)

[(1+72) X1 + yo

C1 =

if borrowing constraints are not binding in period 1, and ¢; = X, if borrowing constraints are
binding in this period.

The Euler equation between periods 1 and 2 has the form of ‘é‘—% = }igz as By [%} + A1. In the
case of non-binding borrowing constraints in period 1, the consumption innovation i, is defined as

chap 1+6, 1
Koy 141y’ 146

Mo =
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Substituting Equations (18) and (20) generates

1’ a1+ (1+7m)X1—

Q

2

. Taking logs and using the approximation of In (1 + ) ~ =,

1 1496 >
Alney ~ —— ln(% 02 & — + In(w3) +In X (21)
poar 14t (14m)(1—wh)X,y

in which wj is the share of first-period consumption at the optimal allocation conditional on that
borrowing constraints are not binding in period 2.

If the borrowing constraints are binding in period 1, then ¢, equals X7, not X;. In this case,
when borrowing constraints are not binding in period 2, we have

Erlys| 1]

AN ~ 1 X 1 x
ncy ~ In(w;) +In(yz + ¢ + 1+

) — In(Xy)

On the other hand, ¢, equals X, = y, when the household faces a borrowing constraint. Then, the
growth in consumption can be expressed as

Alnecy =1In(y2) — In(X7)

as (1+r3)1 =7 1—wi\1— 1+ o3 *\1— as (14r3)1=° *\1— 1 3
BE = (14 82 = () ) (1 2032 s ) (wg) ! P e B (1) = 2032 (e (2.
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B Appendix figures
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Figure B1: Distributions of historical rainfall at the Choma weather station
Notes: The figure shows the distributions of rainfall in December and February recorded by the Choma weather
station between the crop years 1950/51 and 2011/12. The red lines show recorded monthly rainfall of the weather
station in December 2007 (419.9 millimeters) and in February 2010 (176.6 millimeters).
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Figure B2: Unconditional scatter plot for the relationship between rainfall (November-February)
and maize yield (March-June)
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Figure B3: Changes in consumption by initial assets: quadratic utility

Notes: y-axis measures a difference in consumption between after the receipt of good news and after the receipt
of bad news. x-axis measures initial asset levels.
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Figure B4: 5-fold cross-validation
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Figure BS: Impacts of weekly rainfall by maize harvest of last year
Notes:The dashed and solid lines respectively show the 95% confidence intervals and estimated marginal effect.

(a) Method 1 (b) Method 2
~ A ~ A
~ 4
~ 4
/
T~ 7/
7 SN ~
_g \—’// .go_
3 3
IO I
= =
< <
o o
oy
////“\\ //’\\
- -
Y1 s
/
/ 5
/
<4
T T T T T T T T
0 1000 2000 3000 0 1000 2000 3000

Maize stock (kg) Maize stock (kg)

Figure B6: Impacts of weekly rainfall on working hours of male adults by maize stocks
Notes: The dashed and solid lines respectively show the 95% confidence intervals and estimated marginal effect.
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Figure B7: Impacts of weekly rainfall on working hours of female adults by maize stocks
Notes: The dashed and solid lines respectively show the 95% confidence intervals and estimated marginal effect.
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Figure B8: Impacts of weekly rainfall on working hours by previous maize harvests
Notes: The dashed and solid lines respectively show the 95% confidence intervals and estimated marginal effect.
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C Appendix tables

Table C1: Adult equivalent scales

Age category Adult equivalent scale
Child 0-3 year 0.36
Child 4-6 year 0.62
Child 7-9 year 0.78
Child 10-12 year 0.95
Adult female (age 13 and above) 1.00
Adult male (age 13 and above) 1.00

Source: Central Statisitcal Office (2011).
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Table C2: Summary statistics for annual-level regressions

Mean
(SD)
Rainfall
Rainfall in planting/weeding periods (100mm) 11.29
(1.88)
Rainfall in November (100mm) 1.05
(0.50)
Rainfall in December (100mm) 4.26
(2.33)
Rainfall in January (100mm) 3.13
(1.14)
Rainfall in February (100mm) 2.84
(2.39)
Rainfall in March (100mm) 2.34
(1.12)
Controls
Field-level shocks 5.42
(5.14)
Total sick days, adults 24.31
(23.43)
Total sick days, children 5.20
(9.27)
Land size (ha) 3.65
(2.48)
Adult equivalent units 6.77
(3.35)
Total number of survey days for March-June 125.05
(21.21)
Observations 183
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Table C3: Determinants of maize yield

&) 2)
Rainfall in planting/weeding periods (100mm) 395.08***  276.72
(144.65)  (190.63)
Rainfall in planting/weeding periods (100mm), squared -17.97%** -13.99
(6.41) (8.35)
Field-level shocks 1.06 -0.34
(4.84) (6.15)
Land size (ha) -43.50%**  -48.06%**
(9.71) (15.91)
Adult equivalent units -4.56 8.14
(7.44) (15.86)
Total sick days, adults 1.02 2.03
(0.93) (2.00)
Total sick days, children -0.63 0.46
(1.65) (1.82)
Total number of survey dates 5.02%% 1.99
(1.08) (1.75)
HH FE NO YES
Dependent Variable Mean 379.28 379.28
Dependent Variable SD 335.98 335.98
R? 0.25 0.55
N 183 183

Notes: The dependent variable is maize yield in kilograms per hectare. Robust standard errors clustered by

household are in parentheses. *** denotes significance at 1% level, ** at 5% level, and * at 10% level.
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Table C6: Summary statistics of explanatory variables

Mean
(SD)
Signals
Rain (100mm), t-1 0.6177
(0.7729)
Cumurative Rain (100mm) up to t-2 4.5893
(4.4629)
Controls
Field-level shock dummy, t-1 0.1507
(0.3562)
A\ Total sick days adults, t, t-2 -0.0011
(2.4563)
A Total sick days children (6 to 15) t, t-2  0.0194
(1.1062)
A Total sick days children (0 to 5) t, t-2 0.0506
(2.2318)
A Log maize price t, t-2 0.0270
(0.1586)
A Survey dates t, t-2 -0.0277
(0.5178)
Land size (ha), y 3.6833
(2.5463)
Adult equivalent units, y 6.7154
(3.3601)
Observations 3322

Notes: The sample is limited to the planting and weeding periods (November-March).
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Table C7: Test of complementarity between consumption and leisure

(1 (2) (3) 4)
Total Total Food Food
Rain (100mm), t-1 0.036%**  (0.094*** (0.038*** (.078***
0.011) (0.027) (0.010) (0.025)
Cumurative Rain (100mm) up to t-2 0.000 0.006 -0.002 0.002
(0.003) (0.004) (0.003) (0.004)
x Rain (100mm), t-1 -0.012%%* -0.008*
(0.005) (0.004)

A Total working hours male adults t, t-2 0.000 0.000 -0.000 -0.000
(0.001) (0.001) (0.001) (0.001)
A Total working hours female adults t, t-2  -0.000 -0.001 -0.000 -0.000
(0.001) (0.001) (0.001) (0.001)

Calendar-month FE YES YES YES YES
R? 0.08 0.08 0.10 0.10
N 2990 2990 2990 2990

Notes: Robust standard errors clustered by household in parentheses. *** denotes significance at 1% level, ** at
5% level, and * at 10% level. The dependent variable is the difference in the log of consumption per adult equiva-
lent between weeks t and t-2. The estimation sample is limtied to the planting and weeding periods (November to
March). The same set of controls as in Table 5 are included but not reported.
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