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Abstract 

 

In this paper we use a natural 

experiment from Malawi to test the 

hypothesis that short-term expenditure 

needs force poor households to sell 

crops early, when output prices are well 

below their peak. The experiment comes 

from a change in the timing of the 

primary school calendar. In 2010, the 

school year began in September, three 

months earlier than in 2009. Although 

there is no primary school tuition in 

Malawi, households still incur 

substantial out-of-pocket school costs. 

We use difference-in-difference and 

triple difference specifications to show 

that the cumulative value of household-

level crop sales made before September 

was significantly higher in 2010 than in 

2009. This effect is limited to households 

with school-aged children, is increasing 

in the number of school-aged children, 

and is only present for households in 

poverty for whom the opportunity cost 

of liquidity is higher. Because crop 

prices rise substantially over the last 

quarter of the calendar year, back-of-

the-envelope estimates indicate that 

poor households paid a per-child 

penalty of 366-1221 Malawi kwacha 

(2.5-8.5 USD) to finance school expenses 

three months earlier in 2010 than in 

2009. More broadly, these findings 

highlight the high cost of liquidity for 

poor households, and provide empirical 

support for the concern that intra-

annual price volatility exacerbates the 

negative impacts of liquidity constraints.

 

 

 

 

 

 

 
 

 



1 Introduction

Crop prices in sub-Saharan Africa exhibit substantial seasonal fluctuations. The nominal

prices of some crops increase by as much as 50–100% from their harvest-season trough to

their lean-season peak (Burke, 2014; Kaminski, Christiaensen and Gilbert, 2014). These

regular and largely predictable price changes o↵er farmers a profitable opportunity. Those

who can a↵ord to delay selling crops until prices rise during the lean season enjoy returns

that often exceed those available through savings groups or other financial mechanisms.

Despite this inter-temporal arbitrage opportunity, it is hypothesized that liquidity-

constrained farmers must sell early to finance expenditures that arise before crop prices reach

their peak. Many of these households are doubly disadvantaged by the price cycle: later in

the year they buy back the very crops that they sold earlier in the year, when stocks are

depleted and food is in scarce supply. In the seminal empirical paper on this topic, Stephens

and Barrett (2011) find in a sample from Kenya that credit constraints and transaction costs

are at least partly responsible for this “sell low, buy high” phenomenon.

In this paper we use a natural experiment from Malawi to test the hypothesis that

short-term expenditure needs force poor households to sell crops early, when output prices

are low. The experiment comes from a change in the timing of the primary school calendar.

In 2010, the government of Malawi mandated that the school year switch to a September

start date. This was three months earlier than the December start date of 2009, and four

months earlier than the January start date of the previous 15 years (Frye, 2011).

Although there is no primary school tuition in Malawi, households still incur out-of-

pocket costs in the form of informal fees and purchase of supplies and uniforms (Kadzamira

and Rose, 2003). The change in the school calendar introduced a sharp change in the timing

of school-related expenses relative to the crop price cycle. As such, this calendar adjustment

provides an opportunity to study the impacts of a large-scale, exogenous, predictable change

in the timing of expenditures on the timing of household crop sales. Households that can

finance the additional expenses at a cost lower than that a↵orded by the crop market – those

with adequate cash savings, access to reasonably priced credit, or sources of income outside
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of agriculture – are less likely to change the timing of crop sales because of the calendar

change. However, households that borrow at a cost greater than the opportunity cost of

selling crops early may have been induced by this change to sell crops earlier.

The empirical approach in this paper closely follows that of Hamermesh and Trejo

(2000), for a very di↵erent setting. We use di↵erence-in-di↵erence specifications to show that

the cumulative value of household-level crop sales made before September was significantly

higher in 2010 than in 2009. This e↵ect is limited to households with school-aged children, is

increasing in the number of school-aged children, and is only present for households that are

below the poverty line and therefore more likely to be credit-constrained. We also estimate

triple di↵erence specifications, comparing the di↵erence in crop sales for poor households

with and without children in primary school to the di↵erence for non-poor households with

and without children in primary school. Although the triple di↵erence results are less precise

than the di↵erence-in-di↵erence results, they provide broad support for the conclusions of

the di↵erence-in-di↵erence models.

The specificity of the e↵ect, combined with the clearly exogenous nature of the iden-

tifying variation, gives us confidence that the calendar change caused the change in the

timing of crop sales. When we vary the month through which we measure the cumulative

value of crop sales, we find exactly the pattern one would expect if the e↵ect is causal: the

between-year di↵erence-in-di↵erence peaks in August/September, and disappears by De-

cember when households in 2009 catch up to 2010 households. The causal interpretation

is further strengthened by the similarity between the per-child change in crop sales and

per-child cost of schooling. We estimate that before September, poor households sold crops

valued at 1,462 Malawi kwacha (MWK) more per child in 2010 than in 2009. The average

per-child cost of primary school is estimated to be 1,648 MWK.

Households pay a financial penalty for selling early, because crop prices in Malawi

rise steadily during the 6-8 months after the harvest period. Back-of-the-envelope estimates

indicate that poor households lost 366-1221 Malawi kwacha (2.5-8.5 USD) per child in fore-

gone revenues in order to finance school expenses three months earlier in 2010 than in 2009.

Although that is not a large e↵ects in absolute terms, it is equal to roughly half the direct
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cost of primary school. The total penalty paid by poor households with multiple children in

primary school could be large enough to have serious negative welfare consequences.

That point notwithstanding, we think that the strikingly small e↵ects highlight the

most important contribution of the paper. Faced with a 3-month change in the timing

of school expenditures, households chose to forego roughly 25% expected increases in crop

values rather than finance outlays through some other mechanism, such as a savings group,

a loan from a family member, or depletion of their own savings. The implication is that

the cost of financing through other means would have been greater than 25%. Households

in poverty have so little savings, or are so hesitant to part with what savings they do have,

that they find it preferable to sell crops early.

Prior work on this problem has focused on how credit constraints and the timing of

crop sales lead many households to be net buyers of food (Stephens and Barrett, 2011), or

on the general equilibrium e↵ects associated with exogenous access to credit at specific times

of year (Burke, 2014; Fink, Jack and Masiye, 2014). In contrast, the emphasis in the current

paper is on how the need to meet regular, predictable expenditures can cause households

to forego otherwise profitable opportunities from inter-temporal arbitrage. This aspect of

the findings bears similarity to Berg (2013), who argues that credit constraints rather than

myopia can explain the surprising response of households in South Africa to predictable

changes in retirement income.

This paper advances the literature in a way that is unique to natural experiments.

“Treated” households – those we observe in 2010 rather than 2009 – are randomly assigned

to a condition that is worse than the status quo. For ethical reasons, randomized, controlled

trials that explore the interaction between seasonality and liquidity constraints must generate

exogenous variation by randomly providing credit, thereby making treated households better

o↵ in expectation (Burke, 2014; Fink, Jack and Masiye, 2014). Here, we take advantage of

a negative, covariant expenditure shock to measure impacts in the opposite direction from

feasible RCTs.

The findings here suggest that when households are living very near to the edge of

their financial capabilities, seemingly innocuous policy changes can have unintended negative
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consequences. The fact that the pressure to sell early came from an education policy change

unrelated to crop marketing emphasizes the importance of considering policy spillovers in

settings where households have limited ability to smooth expenditures over time. More

generally, the findings in this paper provide empirical support for the concern that intra-

annual price volatility exacerbates the negative impacts of binding liquidity constraints on

poor households in Malawi, and likely in other countries of sub-Saharan Africa.

The rest of the paper proceeds as follows. In Section 2 we explain the setting and the

natural experiment that underlies our identification strategy. Section 3 lays out empirical

framework. In Section 4 we describe the data and the construction of the analysis sample.

Section 5 contains results. We conclude with a discussion in Section 6.

2 Background

In this section we provide background details for the motivating question and empirical

approach in the paper. We cover two topics: the school calendar change that provides

the natural experiment used for identification, and the annual crop price cycle in Malawi.

Putting these together, we arrive at the central hypothesis of the paper.

2.1 The school calendar change

Prior to 1994, the calendar for primary school in Malawi ran from September to July. Soon

after the election of President Bakili Muluzi in 1994, the school calendar was changed to run

from January to November. Fifteen years later, in 2009, the Ministry of Education moved

to return the calendar to its previous September-July schedule (Frye, 2011).

The school calendar change was instituted in two steps. In 2009, classes began on

January 5, in line with the standard practice of the previous 15 years. Then, the 2009-2010

school year was treated as a transition year, with school beginning on December 7, 2009, one

month earlier than usual. Finally, in the fall of 2010 the school year began on September

6, a full three months earlier than the year before. It is this switch, from a December 2009
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start to a September 2010 start, that provides the identifying variation for the paper.1

In light of the gradual nature of the adjustment and the transition start date in

December 2009, we assume that this change did not take anyone by surprise. People would

have been well aware of the earlier start date of classes. Therefore, we cannot rule out

the possibility that some households may have made changes to their labor supply or crop

choices to accommodate the new school year cycle. Such adjustments, if they exist, would

only attenuate the e↵ects that we estimate below. The predictable nature of the calendar

change also a↵ects how we interpret our findings. This change was not a shock, akin to

an illness or accident. Rather, it was a foreseeable change in the timing of expected future

expenditures for households with school-aged children. Whether or not all households had

the financial wherewithal to smoothly accommodate this change is part of what we are

studying.

The election of president Muluzi in 1994 ushered in another change to the educational

system: the abolition of primary school fees. Families have not paid primary school tuition

since 1994. However, there are still costs associated with schooling. Students’ families pay

for uniforms, books, and stationary supplies, and they are asked to pay informal fees as

contributions toward building construction and maintenance. Although we do not know

exactly when these expenses are paid, many of these costs are incurred at the beginning of

the school year. Regardless of the exact timing within the year, the calendar change would

have moved up the timing of all school costs by 3 months. In Section 4 we provide summary

statistics on the costs of education in Malawi, using the same household survey data that

underlies our main empirical analysis.

2.2 Crop price cycles

Like most countries in east and southern Africa, Malawi has a single primary rainy season

that governs the agricultural cycle. Farmers plant from late November through January.

The primary harvest period begins in late April and continues into July. The prices of staple

1Although the change applied to both the primary and secondary school calendars, we focus on primary
school students because they represent the overwhelming majority of school-goers in the data.
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grains and other annually marketed food commodities are lowest around the harvest time,

and rise steadily over the ensuing 6-10 months. During their lean season peak, prices of major

food crops may be 50-100% higher in than at harvest (Burke, 2014; Kaminski, Christiaensen

and Gilbert, 2014).
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Figure 1: Wholesale prices, nominal, monthly average across Malawi markets

Author’s calculations using nominal price data from the Malawi Ministry of Agricul-
ture, received with thanks from Chris Gilbert. Prices are unweighted average wholesale
prices from all markets with non-missing data. Period is 2005-2012 for rice and beans.

As an example, Figure 1 plots the average wholesale prices of maize, rice, and beans

in markets across Malawi, by month, over the period 1999-2012. Prices are in nominal terms.

There is a clear upward trend in prices over the period shown. Also clear is the substantial

intra-annual variation, with short term peaks occurring in January or February of each year,

when the lean season is nearing its worst point.

To highlight the degree of intra-annual price volatility, Figure 2 plots the same data

as the percentage change in prices since the most recent June. The annual cycle is highly

pronounced. In February, maize prices are over 80% higher than in June, bean prices are

40% higher, and rice prices are over 30% higher. Because these are nominal data that have
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Figure 2: Average intra-annual price cycle, % increase since June, 1999-2012

Author’s calculations using nominal price data from the Malawi Ministry of Agricul-
ture, received with thanks from Chris Gilbert. Prices are unweighted average wholesale
prices from all markets with non-missing data. Percentage increase is calculated with
reference to the price in June. Period is 2005-2012 for rice and beans.

not been de-trended, some of the intra-annual increase is driven by long-term price trends

and inflation. However, that is the appropriate framework for the topic of this paper. School

expenses are set in nominal terms and paid each year. We are interested in understanding

whether a shift to paying school-related expenses three months earlier forces farmers to sell

crops when prices are lower. Thus, the relevant comparison is a within-year comparison

between nominal revenues from selling before October and selling before January. The

implication of Figure 2 is that the penalty for selling crops earlier is substantial.

Of course, households do not have to sell crops early if they can finance school-related

and other expenses through other means. Households with savings, other regular income,

or access to credit may be able to pay for school and also delay crop sales until prices reach

their annual peak. It is for this reason that we test for heterogeneous e↵ects by household

per capita expenditure. We expect households above the poverty line to be less financially

constrained, and thus less likely to have the timing of their crop sales a↵ected by the change
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in the school calendar (Stephens and Barrett, 2011).

3 Empirical approach

We now turn to the empirical set-up of the paper. Our goals in this section are to first explain

the central hypothesis, which follows directly from the background information provided in

Section 2. We then detail the identification strategy and empirical approach, which closely

follows that of Hamermesh and Trejo (2000).

3.1 Central hypothesis of the paper

In the previous section we established a number of important facts about the setting. We

first explained how the timing of the school year changed from 2009 to 2010. We introduced

the idea that primary school attendance is costly, a point that we will validate further in

Section 4. Finally, using three example goods, we showed how the prices of staple crops

follow an intra-annual cycle, with prices that increase steadily from June to their peak in

January or February. The implication is that for at least six months post-harvest, each

month that one can delay crop sales brings with it a substantial price premium.

These empirical facts suggest a straightforward way to test the following longstanding

hypothesis from the literature: farming households that are credit-constrained sell crops early

to finance immediate needs. We test this hypothesis by comparing the cumulative value of

crop sales through various months in 2009 with the cumulative value of crop sales through

the same months in 2010. The calendar change should only a↵ect households that lack the

financial means to pay school fees earlier without selling crops, and that have school-aged

children. Therefore, we focus on the e↵ect of the calendar change on poor households with

children in primary school.
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3.2 Identification and estimation

In this subsection we develop the empirical approach that we will implement below. As dis-

cussed in the previous section, the source of identifying variation is the change in the start

of the school year between 2009 and 2010. Our main dependent variable is the cumulative

value of crops sales through month m, where we vary m from July to January. For 2009

households, this variable includes the value of all sales that take place from harvest (roughly

June) through the end of month m in year 2009. For 2010 households, it includes the value

of all sales from June to month m, 2010. Because we can only include 2010 households inter-

viewed after month m, the sample size varies with the month used to define the dependent

variable. We discuss this further when interpreting results.

In our main results table we set m to August. This covers all crops sales that occur

up to the week that primary school begins. We could just as easily use cumulative value of

sales through the end of September or October (and we do so, in robustness checks). We

prefer the end of August because it is safely before the start of school, and we do not know

when in the first weeks of the school year the majority of expenses are incurred. Regardless

of the exact cut-o↵ month used to define the dependent variable, the key is that households

in 2010 had to arrange to pay school costs three months earlier than in 2009.

We use the nominal value of crop sales as the key outcome, rather than a measure of

number of transactions or the proportion of output sold, because nominal sales value is truer

to the underlying problem facing study households. The start of the school year introduces

a fixed set of costs that act as a payment target. If households are indeed selling crops

to pay these school-related costs, this should be most closely reflected in the level value of

completed sales.

Inference about our main hypothesis is based on a di↵erence-in-di↵erence for house-

holds below the poverty line that do and do not have children enrolled in primary school.

As we describe in the data section to follow, we randomly observe some households in 2009,

others in 2010, but none in both years. Our empirical strategy is to compare the di↵erence in

the outcome variable for poor households between 2009 and 2010, allowing for heterogenous
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e↵ects by the number of school-aged children. The households for whom we expect to see

an impact of the calendar change on the timing of sales are identified by the interaction of

a dummy variable for the year and a variable for the number of school-aged children.

The estimating equation for the di↵erence-in-di↵erence identification strategy is as

follows:

Salesmh =↵ + �1Childrenh + �22010h + �3{Childrenh ⇥ 2010h}+ �Xh + ✏h (1)

where h indexes households, Salesmh is the cumulative value of crop sales through the end of

month m, Childrenh is the number of children in primary school, 2010h is a dummy variable

for whether the household reports crops sales for 2010, Xh is a vector of household and

location control variables, and ✏h is a mean zero, i.i.d. error term. We estimate this equation

separately for households below and above the poverty line. In our main specifications, Xh

includes a detailed set of age- and gender-specific demographic variables, to ensure that

comparisons between poor households with and without children are not picking up other

e↵ects from di↵erences in household composition.

In equation (1), the coe�cient of interest is �3, which is positive if the calendar change

increased crop sales for households with children in primary school. Our central hypothesis

is that �3 is positive for poor households, which we implement by testing H0 : �3  0.

We also estimate triple di↵erence specifications that compare the change in outcomes

for poor households (with and without children) to the change in outcomes for non-poor

households (with and without children). The inclusion of poor households without school-

aged children in both years controls for inter-annual di↵erences in sales by poor households.

The inclusion of non-poor households with school-aged children in both years controls for

inter-annual di↵erences in sales by households with school-aged children. The estimating

equation for the triple di↵erence is as follows:
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Salesmh =↵ + �1Childrenh + �22010h + �3Poorh

+ �4{Childrenh ⇥ 2010h}+ �5{Poorh ⇥ 2010h}+ �6{Childrenh ⇥ Poorh}

+ �7{Childrenh ⇥ Poorh ⇥ 2010h}+ �Xh + ✏h (2)

where Poorh is a dummy variable indicating whether the household is above median expen-

diture per capita, and Xh is a vector of household controls including acres cultivated, human

capital of the household head, and demographics. The coe�cient of interest is �7, on the

triple interaction term. The hypothesis that the school calendar change forced poor house-

holds to sell crops earlier is represented by a test of whether �7 is positive and significant.

We do not further disaggregate the estimating equation, for example by entering the number

of children non-parametrically, because of concerns about low power when we go beyond a

triple interaction. However, for comparison purposes we show results with various sets of

control variables.

We estimate (1) and (2) using OLS, with standard errors clustered at the village level.

4 Data and sample

The data for this study are from the 3rd Integrated Household Survey (IHS3) collected by

the National Statistical O�ce of Malawi. This survey is part of the multi-country Living

Standards Measurement Study – Integrated Surveys on Agriculture (LSMS-ISA) project,

organized by the World Bank. Data collection began in late March 2010 and continued for

a full calendar year. The full sample of 12,271 households is representative for consumption

and poverty at the national and regional level. The questionnaire spans a wide range of

topics, including demographics, health, education, time use, finance, income, consumption,

agriculture, and others.

Households selected for the IHS 3 were randomly assigned to two subcategories.2

The first group constitutes the “cross-sectional sample”, consisting of 9,024 households. As

2See National Statistical O�ce (2012) for details on sampling and stratification.
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the name suggests, the research team visited each cross-sectional household once, with no

intention of follow-up. Cross-sectional surveys were spread across a full calendar year and

stratified geographically, in order to account for both spatial and inter-temporal variation

in consumption, livelihoods and agricultural outcomes.3 The remaining 3,247 households

constitute the “panel sample”. Panel households were visited twice during data collection,

once before and once after the 2010 harvest, and were also designated for follow-up surveys

in future years (the first of which occurred in 2013).

Our empirical approach is implementable because the agriculture questionnaire was

administered to some cross-sectional households during the months March–July 2010, prior

to completion of that year’s harvest. The agriculture questionnaire asks for details about

harvest, crop sales, and storage, among many other issues. To make it possible for all respon-

dents to answer those questions, cross-sectional households interviewed from March through

approximately July 2010 were administered questions only about the 2009 harvest and en-

suing sales (these are the “2009 households”). Households interviewed from approximately

July 2010 through the end of the survey in March 2011 were administered the exact same

set of questions, but with reference to the 2010 harvest season (the “2010 households”).

Random variation in whether households reported crop sales data from the 2009 harvest or

the 2010 harvest is a key component of the identification strategy. However, because our

dependent variable is the cumulative value of sales through September of the relevant year,

we can only include the 2010 households that were interviewed in October 2010 or later.

Thus, our analysis sample consists of (i) all cross-sectional households interviewed about

the 2009 harvest, and (ii) all cross-sectional households interviewed about the 2010 harvest

between October 2010 and the end of the survey in March 2011. Because crop sales are

salient and relatively rare outcomes, we are not concerned about di↵erences in recall bias

between years. If there were any such di↵erences, they will be controlled for with the triple

di↵erence approach explained in Section 3.

All panel households were asked about the 2010 harvest. We would have included

3All households in a village were interviewed during the same period, so we cannot control for village fixed
e↵ects. However, we control for district fixed e↵ects, and village e↵ects are accounted for by the presence of
non-poor households and poor households without children in each village.
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these households in the analysis, if possible. However, the panel survey was not designed to

be representative over the calendar year, and the large majority of panel survey work was

complete by October 2010.4 We therefore drop all panel households from the analysis.

Table 1: Summary statistics for DID control variables, by year, poor households

2009 2010 Di↵erence
Variable (1) (2) (3)
Number in primary school 1.37 1.42 -0.05
Acres cultivated 1.76 1.70 0.06
Number of adult equivalents 4.44 4.38 0.06
Age of head 42.39 43.15 -0.76
Head is male (=1) 0.73 0.73 -0.01
Head education = None completed 0.87 0.86 0.01
Head eduaction = Completed primary 0.08 0.07 0.01
Head education = Completed secondary or more 0.05 0.07 -0.02*
Head marital status: married 0.74 0.75 -0.01
Head marital status: separated 0.12 0.12 0.01
Head marital status: widowed 0.13 0.13 0.00
Head marital status: never married 0.01 0.00 0.00
Num. of males: age 0-5 0.62 0.55 0.06*
Num of males: age 6-15 0.85 0.90 -0.05
Num of males: age 16-25 0.42 0.38 0.04
Num of males: age 26-45 0.46 0.48 -0.01
Num of males: age 46-65 0.19 0.19 0.00
Num of males: age 65 up 0.07 0.06 0.00
Num. of females: age 0-5 0.60 0.57 0.02
Num of females: age 6-15 0.88 0.87 0.01
Num of females: age 16-25 0.42 0.40 0.02
Num of females: age 26-45 0.56 0.57 -0.01
Num of females: age 46-65 0.18 0.19 -0.01
Num of females: age 65 up 0.09 0.09 -0.00
N 779 2686
Notes: Authors’ calculations from IHS 3 data. Significance levels for t-tests of di↵erent

means: *** 0.01, ** 0.05, * 0.1.

The sample for our main regressions consists of 6,654 households. Of these, 1,616

provided information for the 2009 harvest season, and 5,038 provided information for the

2010 harvest season. Of those, 779 were below the poverty line in 2009, while 2686 were

below the poverty line in 2010.

4There are also di↵erences in the way that crop sales were measured in the cross-sectional and panel
surveys. However, these di↵erences would have been manageable if panel households had been interviewed
during the appropriate time periods.
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Table 1 shows the values of the key variables used in regressions, separately for house-

holds below the poverty line that were observed in 2009 and 2010. Column 3 shows the dif-

ference between the group means, with significant stars for t-tests of the di↵erence. The two

groups are broadly similar on all of the listed characteristics. The di↵erences in number of

males age 0-5 and percentage of heads with a high level education are statistically significant

at 10%, but the magnitudes are small enough to be of little economic consequence.

Focusing on column 2 of Table 1, the average household has 4.38 adult equivalent

members and 1.42 children attending primary school. Heads of households are 73% male

and average 43 years of age. More than 85% of household heads did not complete any level

of formal schooling (although they may have completed some years of primary school, which

was not reported). Farms are small relative to less land-constrained countries, averaging

1.7 acres total. The demographic variables show the expected youth population bulge, with

many more households members below age 25 than above.

Table 2: Per-student annual primary school expenses (MW Kwacha)

Percent
paying Mean

Std.
deviation Median

(1) (2) (3) (4)
Tuition and fees 4.0 713 13048 0
Tutoring 4.1 50 873 0
Books and stationary 68.2 171 710 100
Uniforms 69.1 326 883 300
Boarding fees 0.8 51 1423 0
Voluntary contributions 43.0 68 162 0
Transport 0.5 14 336 0
Parent association fees 12.8 15 58 0
Other 26.5 99 1998 0
Total 96.6 1648 15954 550

Notes: Authors’ calculations from IHS 3 data. The exchange rate from late 2009 was approximately 140

MWK per USD. Calculations based on household-level average for those with at least one child in school.

Some respondents provided only total costs, without a breakdown; the “Percent paying” statistics are based

only on those that provided a breakdown of expenses. Sample sizes are 6,671 households for primary school

breakdowns; 7,002 households for primary school total; 1,586 households for secondary school breakdowns;

1,718 households for secondary school total.

We next provide summary statistics for school-related expenditures from the educa-

tion module of the IHS 3 survey. These statistics do not figure in the analysis, but we provide
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them to demonstrate that there are costs associated with primary school attendance, even

though it is technically free. Table 2 shows the average annual household-level expenditure-

per-student on various categories of school-related expenditure. These estimates are based on

12-month recall, which for some households includes part of the 2008-2009 school year. We

include all households with at least one child in school, regardless of whether the household

is in the analysis sample.5 In the table we see that a majority of households pay for books,

paper, and uniforms. Over 40% of households make contributions toward the maintenance

or construction of school buildings. Although such contributions are voluntary, there is com-

munity pressure to assist with funding when possible. The average total cost for primary

school is 1,648 MWK per student, or roughly $11.37 using an exchange rate of 145 MWK

per dollar.

5 Results

In this section we present the empirical results. We present the main findings first. We then

show results using di↵erent cut-o↵ month for the measure of the cumulative value of crop

sales, to examine the time path of the di↵erence in crop sales between 2009 and 2010.

Table 3 shows the estimates of our main regressions. The dependent variable in

all columns is the nominal value of cumulative crop sales through August of either 2009

or 2010. Columns 1-3 show the di↵erence-in-di↵erence estimates for households below the

poverty line. Column 1 has no control variables beyond those shown, column 2 adds in

the set of household control variables shown in Table 1, and column 3 adds district e↵ects.

In columns 4-6 we implement the same set of specifications, but for households above the

poverty line. Standard errors are clustered at the level of the enumeration area (which is

a village). The coe�cient of interest is the first one shown, on the variable “Number in

primary school ⇥ 2010”.

In columns 1-3 of Table 3 we see a significant e↵ect of the change in the school

5Some households provided only the total education-related outlays, without a breakdown by category.
Sample sizes for the di↵erent columns are provided in the footnote of Table 2.
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Table 3: Di↵erence-in-di↵erence results
Dependent variable: Cumulative value of crop sales through August

Below poverty line Above poverty line
(1) (2) (3) (4) (5) (6)

Num. in primary ⇥ 2010 1210* 1317* 1462** -551 -6015 -5225
(723) (721) (679) (2367) (3993) (3863)

2010 (=1) 1479 1770* -1405 1406 7337 7608
(977) (983) (943) (5012) (7465) (8745)

Number in primary school 1000** -531 -998* 5180** -2400 -2294
(420) (629) (581) (2119) (3713) (3259)

Observations 3545 3465 3465 3519 3397 3397
R-squared 0.01 0.08 0.15 0.00 0.08 0.10
Mean of dep. variable 6537 6686 6686 17666 18299 18299
Test for increase (1-sided p-val) .047 .034 .016 .59 .93 .91
Household controls No Yes Yes No Yes Yes
District fixed e↵ects No No Yes No No Yes

Notes: Authors’ calculations from IHS 3 data. Standard errors in parentheses. Standard errors clustered at

the level of the enumeration area. Significance: *** 0.01, ** 0.05, * 0.1. The dependent variable is measured

in nominal Malawi kwacha. Household controls include acres cultivated, a detailed set of categorical variables

for the age and gender of household composition, and gender, education, age, and marital status of household

head. Columns 1-3 include only households below poverty line. Columns 4-6 include only households above

poverty line.

calendar on the timing of crop sales by poor households with children, relative to the change

for households without primary school age children. Estimated e↵ects range from 1201-1462

MWK, all of which are remarkably similar to the educational costs shown in the previous

section. In contrast, in columns 4-6 we do not see a similar e↵ect for households above the

poverty line. Point estimates are negative, but not statistically significant at conventional

levels.

Because the hypothesis of interest is that the calendar change led to increases in crop

sales in the months leading up to September, we also estimate one-sided tests of the null

hypothesis that the coe�cient of interest is less than or equal to zero. P-values for those tests

are listed in the bottom half of Table 3. We can reject the null with 95% confidence in all

specifications for households below the poverty line, but clearly cannot reject for households

above the poverty line.

Estimates of (2), based on the triple di↵erence, are shown in Table 4. The coe�cient
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Table 4: Triple di↵erence results

Dependent variable: Cumulative value of crop sales through August
(1) (2) (3)

Num. in primary ⇥ Poor ⇥ 2010 1762 4911* 4884*
(2407) (2804) (2942)

Poor ⇥ 2010 73 -2381 -6534
(5014) (5986) (6895)

Num. in primary ⇥ Poor -4180** -5656** -5372*
(2108) (2597) (2743)

Num. in primary ⇥ 2010 -551 -3562 -2944
(2367) (2685) (2597)

2010 (=1) 1406 5019 4319
(5013) (6163) (6578)

Number in primary school 5180** 1095 315
(2119) (2319) (2213)

Poor (=1) -9778*** -402 6808
(3231) (7009) (9584)

Observations 7064 6862 6862
R-squared 0.00 0.06 0.07
Mean of dep. variable 12081 12435 12435
Test for increase (1-sided p-val) .23 .04 .049
Household controls No Yes Yes
District fixed e↵ects No No Yes

Notes: Authors’ calculations from IHS 3 data. Standard errors in parentheses. Standard errors clustered at

the level of the enumeration area. Significance: *** 0.01, ** 0.05, * 0.1. The dependent variable is measured

in nominal Malawi kwacha. Household controls include acres cultivated, a detailed set of categorical variables

for the age and gender of household composition, and gender, education, age, and marital status of household

head.

of interest is the triple interaction term, which is the first one reported. The point estimate is

positive in all 3 columns, consistent with our central hypothesis. Only in columns 2 and 3 is

the result statistically significant at 10%. However, the one-sided test of interest has p-values

below 0.05, reported in the lower part of the table. The triple di↵erence results are roughly

three times the magnitude of the di↵erence-in-di↵erence results. This is not surprising, given

the negative point estimates for non-poor households in Table 3. This raises the intriguing

possibility that the calendar change, and its potential e↵ects on crop sales and thus prices,

was more salient for non-poor households with primary school children than for non-poor

households without primary school children, with the former group delaying crop sales more
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than usual in expectation of high sales volumes early in the year. We do not claim this as

a finding, because of how imprecise are the estimated coe�cients for non-poor households.

However, for this reason we prefer the double di↵erence specification to the triple di↵erence,

because the change in crop sales for poor households without primary school children is less

likely to be endogenous to expected sales volumes.

How does the between-year di↵erence in cumulative sales value evolve between harvest

time and the end of the year? To answer that question we re-estimate equation (1) using

di↵erent months as the cut-o↵ for the construction of the dependent variable. We vary

the cut-o↵ month from July to January of the following year. The specification underlying

column 3 of Table 3 forms the basis for these regressions.

July
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Households below poverty line

July

August

September

October

November

December

January

-15000 -10000 -5000 0 5000

Households above poverty line

Figure 3: Di↵erence-in-di↵erence with di↵erent cut-o↵ months
Notes: Author’s calculations from IHS 3 data. Dots represent point estimates, horizontal bars

represent 90% confidence intervals for 2-sided tests, or 95% confidence interval for a one-sided test

against the sign opposite of the estimated coe�cient. Estimated coe�cients are from regressions

based on specification (1), for various values of m. Sample sizes are 3549 poor, 3511 non-poor in

July; 3465 poor, 3397 non-poor in August; 3295 poor, 3173 non-poor in September; 2918 poor,

2768 non-poor in October; 2314 poor, 2274 non-poor in November; 2002 poor, 2012 non-poor in

December; 1529 poor, 1516 non-poor in January. Full results in appendix.

In Figure 3 we plot the coe�cient estimates and 90% two-sided (95% one-sided)

confidence intervals for the coe�cient of interest for each cut-o↵ month. Each pair of month-

specific coe�cients is from a separate regression. The left panel is for households below the

poverty line; the right panel is for households above. The change over time aligns with

exactly what we expect to see if the e↵ects are driven by the school calendar change, and

22



if most school costs are incurred at the start of the year.6 On the left, the magnitude and

statistical significance of the point estimate for poor households are largest with a cut-o↵

value at the end of August, just before the start of primary school. The di↵erence between

years is essentially unchanged in September and October, but then begins to fall in November

when households in 2009 would have begun to sell crops in anticipation of the December

start date. The statistical significance of the di↵erence disappears in December and January,

and the magnitude falls.

As we mentioned in Section 3.2, the sample sizes for the regressions underlying Figure

3 decrease as the cut-o↵ month increases (sample sizes are provided in the footnotes to the

figure). This is an artifact of the data: when calculating the dependent variable as the

cumulative value of sales through month m, we can only include households interviewed after

m. It is possible, then, that some of the between-month di↵erence in statistical significance

is due to variation in statistical power. However, this does not detract from the central

finding that the di↵erences are of statistical and economic significance around September,

and decrease substantially in magnitude by December.

In the right panel of Figure 3 we see that the calendar change e↵ect is never statis-

tically significant for non-poor households. The point estimates of the di↵erence from 2009

are all negative.

In Figure 4 we plot a similar set of results for the triple di↵erence specification. The

time path of the estimated coe�cients matches that from the double di↵erence, though

the results are less precisely estimated. Nevertheless, the pattern is consistent with the

hypothesis that the calendar change increased pre-September sales by poor households with

primary school age children.

6If school costs are spread throughout the year, then we may see statistically significant di↵erences persist
beyond January.
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Figure 4: Triple di↵erence e↵ect with di↵erent cut-o↵ months
Notes: Author’s calculations from IHS 3 data. Dots represent point esti-

mates, horizontal bars represent 90% confidence intervals for 2-sided tests,

or 95% confidence interval for a one-sided test against the sign opposite of

the estimated coe�cient. Estimated coe�cients are from regressions based

on specification (2), for various values of m. Sample sizes are 7060 in July;

6862 in August; 6468 in September; 5686 in October; 4588 in November;

4014 in December; 3045 in January. Full results in appendix.

6 Discussion

The analysis presented in the previous section suggests that in 2010, poor households in

Malawi sold crops earlier than they would have otherwise, to accommodate the earlier start

of the school year. We estimate that the impacted households sold extra crops at a rate of

1462 MWK per child. With identification based on a di↵erence-in-di↵erence that controls for

inter-annual di↵erences within poor households and within households that have children, we

would argue strongly for the interpretation of this e↵ect as causal. The causal interpretation

is further supported by the similarity between the estimated e↵ect and the cost of school

attendance. To see this, recall that in Table 2 the average cost of primary school attendance

is 1,648 MWK. These findings are remarkably similar, suggesting that poor households sold

crops expressly for the purpose of financing school.
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What do households give up, by selling early? We cannot calculate this value directly,

because spatially disaggregated time series price data for most crops is not available, and

we have too few observations of sales at the month-district level to construct such series

from the household data. Therefore, we cannot calculate the actual counterfactual value of

households’ crop sales had they delayed selling by a few months. However, we can construct

back-of-the-envelope estimates of the expected value of the indirect costs to these households

from missing out on the crop price increases that occur in the final months of the year. Using

the price data graphed in Section 2 we estimate that over the period 1999-2012, crop prices

increase by an average of 25% from August to December. If we treat 25% as the expected

return to delaying crop sales until the end of the year, then foregone revenue is equivalent

to 1462*0.25 = 366 MWK (about $2.50). Using the estimated August e↵ect from the triple

di↵erence specification, foregone revenue is equivalent to 4884*0.25 = 1221 MWK (about

$8.50). These amounts represent 25-75% of the average direct cost of primary school.

It is worth noting that in 2010, the average increase in maize prices from August

to December at Malawi markets was essentially zero (using the data underlying Figure 1).

This is an extreme outlier relative to all other years for which we have data. The other

crops for which we have price data, rice and beans, exhibited the normal cycling in 2010.

We opted not to adjust for this unexpected lack of maize price cycling in constructing the

estimates in the previous paragraph, because households are unlikely to have anticipated it,

and poor households surely would not have anticipated it di↵erentially based on whether or

not they have children. We also considered whether the lack of a maize price increase during

the six months post-harvest could have been endogenous to the e↵ects measured here. A

large volume of many crops, including maize, was sold by poor households earlier in 2010

than in previous years. The lack of a price cycle would be consistent with a set of storage

models in which the prices expectations and supply elasticities of traders di↵er from those of

farmers. However, other crops did not show unusual price cycles in 2010, and the maize price

cycle returned to its historical norm in 2011 and 2012, when primary school again began in

September. Hence, the unexpected behavior of maize prices in 2010 is likely a function of

forces unrelated to this paper.
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Although we consider it important that poor households missed out on an expected

return of 366-1221 MWK per child because of the school calendar change, we believe it is

more in line with the contribution of this paper to emphasize the relatively small magnitude

of the estimated e↵ect. Poor households were su�ciently liquidity constrained that they

had to sell crops early rather than use savings or other financial mechanisms to pay primary

school costs. This may be partly due to the covariant nature of the expenditure shock and

its widespread e↵ect on all households with primary school children. If the expenditure

shock were idiosyncratic, a↵ected households may have borrowed to finance expenditures at

rates better than the roughly 25% expected interest charged by the crop market over the

relevant period. But when the entire country is impacted at once, the financial fragility of

poor households is revealed through their reliance on crop sales to finance even a relatively

small outlay.

The results in this paper provide strong empirical support for the hypothesis that

credit-constrained households are forced to “sell low” to accommodate immediate needs. Our

findings are based on a natural experiment related to the timing of school-related expenses.

Everything about the setting suggests that the e↵ects are causal. What, then, are the

suggestions for policymakers? We would argue that the lessons for policy are not limited

to the timing of school fees, although the results do suggest that allowing flexible timing

of school-related payments could be beneficial for poor households, if such a policy were

easily implementable. The broader lesson is that weak financial markets and highly seasonal

crop prices combine to be especially detrimental for poor households. Access to inexpensive

credit would allow households to finance their school expenditures at lower rates than those

a↵orded by crop markets. Alternatively, better development of crop markets to dampen

the severity of intra-annual price cycles would lower the penalty for selling early. In the

absence of such changes, it is likely that both predictable and unpredictable expenditures

will continue to force poor households to sell crops at prices well below those received by

their wealthier counterparts, further deepening existing inequalities.
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Appendix

A Full tables of results

Table A1: Di↵erence-in-di↵erence, full table of results, poor households

Dependent variable: Cumulative value of crop sales through August
(1) (2) (3)

Coe↵. s.e. Coe↵. s.e. Coe↵. s.e.
Num. in primary ⇥ 2010 1210* (723) 1317* (721) 1462** (679)
2010 (=1) 1479 (977) 1770* (983) -1405 (943)
Number in primary school 1000** (420) -531 (629) -998* (581)
Acres cultivated 3773*** (748) 3252*** (688)
Num. of males: age 0-5 718 (669) 664 (688)
Num of males: age 6-15 873 (655) 1071* (624)
Num of males: age 16-25 767 (719) 877 (699)
Num of males: age 26-45 2601 (2794) 2243 (2698)
Num of males: age 46-65 3149 (2375) 2172 (2224)
Num of males: age 65 up 1168 (2730) 1978 (2704)
Num. of females: age 0-5 1084* (651) 878 (599)
Num of females: age 6-15 266 (608) 743 (615)
Num of females: age 16-25 1286 (1075) 1577 (1032)
Num of females: age 26-45 869 (921) 1126 (920)
Num of females: age 46-65 -11 (2676) 166 (2651)
Num of females: age 65 up 170 (2389) 698 (2274)
Age of head -21 (56) -28 (54)
Gender of head -2166* (1172) -1722 (1298)
Married 0 (.) 0 (.)
Separated, divorced 408 (1542) -262 (1578)
Widow or widower 1948 (1697) 1424 (1690)
Never married -2812* (1522) -3740 (2865)
None 0 (.) 0 (.)
Primary 4908** (2114) 3364** (1693)
Secondary 5506 (3394) 5113 (3511)
Tertiary -9836*** (2790) -25207*** (9608)
Observations 3545 3465 3465
R-squared 0.01 0.08 0.15
Mean of dep. variable 6537 6686 6686
Test for increase (1-sided p-
val)

.047 .034 .016

Household controls No Yes Yes
District fixed e↵ects No No Yes

Notes: Authors’ calculations from IHS 3 data. Standard errors in parentheses. Standard errors clustered at
the level of the enumeration area. Significance: *** 0.01, ** 0.05, * 0.1. The dependent variable is measured
in nominal Malawi kwacha. Household controls include acres cultivated, a detailed set of categorical variables
for the age and gender of household composition, and gender, education, age, and marital status of household
head.
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Table A2: Di↵erence-in-di↵erence, full table of results, non-poor households

Dependent variable: Cumulative value of crop sales through August
(1) (2) (3)

Coe↵. s.e. Coe↵. s.e. Coe↵. s.e.
Num. in primary ⇥ 2010 -551 (2367) -6015 (3993) -5225 (3863)
2010 (=1) 1406 (5012) 7337 (7465) 7608 (8745)
Number in primary school 5180** (2119) -2400 (3713) -2294 (3259)
Acres cultivated 30669* (16569) 31418* (18231)
Num. of males: age 0-5 -4001 (4662) -4494 (4428)
Num of males: age 6-15 2266 (3324) 2 (2476)
Num of males: age 16-25 -9554 (8369) -10912 (8601)
Num of males: age 26-45 -13949 (12977) -15618 (14073)
Num of males: age 46-65 1228 (6379) 2432 (6236)
Num of males: age 65 up -18238 (14791) -18974 (16784)
Num. of females: age 0-5 -2040 (5092) -1850 (4139)
Num of females: age 6-15 6236** (2688) 4812* (2542)
Num of females: age 16-25 -717 (5097) 237 (4982)
Num of females: age 26-45 5748 (3898) 6019* (3589)
Num of females: age 46-65 -25180 (19827) -26513 (21041)
Num of females: age 65 up -20716 (17533) -20480 (16643)
Age of head 109 (216) 76 (215)
Gender of head -3179 (5235) -3657 (4723)
Married 0 (.) 0 (.)
Separated, divorced -5695 (5626) -3141 (5315)
Widow or widower 1767 (5210) 2614 (5341)
Never married 539 (4515) 3909 (5099)
None 0 (.) 0 (.)
Primary 29379 (22624) 21515 (18329)
Secondary 8910 (6278) 2906 (3786)
Tertiary 24036* (14393) 18796 (12615)
Observations 3519 3397 3397
R-squared 0.00 0.08 0.10
Mean of dep. variable 17666 18299 18299
Test for increase (1-sided p-
val)

.59 .93 .91

Household controls No Yes Yes
District fixed e↵ects No No Yes

Notes: Authors’ calculations from IHS 3 data. Standard errors in parentheses. Standard errors clustered at
the level of the enumeration area. Significance: *** 0.01, ** 0.05, * 0.1. The dependent variable is measured
in nominal Malawi kwacha. Household controls include acres cultivated, a detailed set of categorical variables
for the age and gender of household composition, and gender, education, age, and marital status of household
head.
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Table A3: Triple di↵erence, full table of results

Dependent variable: Cumulative value of crop sales through August
(1) (2) (3)

Coe↵. s.e. Coe↵. s.e. Coe↵. s.e.
Num. in primary ⇥ Poor ⇥ 2010 1762 (2407) 4911* (2804) 4884* (2942)
Poor ⇥ 2010 73 (5014) -2381 (5986) -6534 (6895)
Num. in primary ⇥ Poor -4180** (2108) -5656** (2597) -5372* (2743)
Num. in primary ⇥ 2010 -551 (2367) -3562 (2685) -2944 (2597)
2010 (=1) 1406 (5013) 5019 (6163) 4319 (6578)
Number in primary school 5180** (2119) 1095 (2319) 315 (2213)
Poor (=1) -9778*** (3231) -402 (7009) 6808 (9584)
Acres cultivated 19546** (9935) 19616* (10840)
Num. of males: age 0-5 -2002 (2356) -2434 (2379)
Num of males: age 6-15 850 (1018) 96 (931)
Num of males: age 16-25 -4133 (4163) -4824 (4339)
Num of males: age 26-45 -5111 (6151) -5901 (6482)
Num of males: age 46-65 1105 (3235) 811 (3163)
Num of males: age 65 up -7341 (7619) -7860 (8711)
Num. of females: age 0-5 -550 (2353) -1049 (2242)
Num of females: age 6-15 2145** (1055) 2006* (1086)
Num of females: age 16-25 355 (2583) 343 (2860)
Num of females: age 26-45 2925 (1804) 2617 (1764)
Num of females: age 46-65 -11132 (9062) -12272 (9942)
Num of females: age 65 up -8083 (7848) -8435 (7776)
Age of head -1 (106) -7 (106)
Gender of head -2111 (2374) -1876 (2465)
Married 0 (.) 0 (.)
Separated, divorced -2207 (2185) -1530 (2232)
Widow or widower 1617 (2545) 1181 (2708)
Never married -2451 (2592) -486 (2829)
None 0 (.) 0 (.)
Primary 18723 (12976) 13315 (10185)
Secondary 5785** (2939) 2083 (2458)
Tertiary 14507 (9118) 8571 (8308)
Observations 7064 6862 6862
R-squared 0.00 0.06 0.07
Mean of dep. variable 12081 12435 12435
Test for increase (1-sided p-val) .23 .04 .049
Household controls No Yes Yes
District fixed e↵ects No No Yes

Notes: Authors’ calculations from IHS 3 data. Standard errors in parentheses. Standard errors clustered at
the level of the enumeration area. Significance: *** 0.01, ** 0.05, * 0.1. The dependent variable is measured
in nominal Malawi kwacha. Household controls include acres cultivated, a detailed set of categorical variables
for the age and gender of household composition, and gender, education, age, and marital status of household
head.
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Table A4: Di↵erence-in-di↵erence with various cut-o↵ months, poor households

Dependent variable: Cumulative value of crop sales through listed month
July Aug. Sept. Oct. Nov. Dec. Jan.

Num. in primary ⇥ 2010 1107* 1462** 1357* 1436* 1291 787 746
(657) (679) (757) (836) (794) (805) (1063)

2010 (=1) -748 -1405 -1324 -1114 -281 762 2085
(861) (943) (1011) (1085) (1082) (1185) (1541)

Number in primary school -733 -998* -702 -777 -427 43 226
(568) (581) (642) (682) (719) (662) (726)

Observations 3549 3465 3295 2918 2314 2002 1529
R-squared 0.12 0.15 0.16 0.17 0.20 0.19 0.20

Notes: Authors’ calculations from IHS 3 data. Standard errors in parentheses. Standard errors clustered at
the level of the enumeration area. Significance: *** 0.01, ** 0.05, * 0.1. The dependent variable is measured
in nominal Malawi kwacha. All regressions include as controls: district e↵ects, acres cultivated, a detailed
set of categorical variables for the age and gender of household composition, and gender, education, age, and
marital status of household head.

Table A5: Di↵erence-in-di↵erence with various cut-o↵ months, non-poor households

Dependent variable: Cumulative value of crop sales through listed month
July Aug. Sept. Oct. Nov. Dec. Jan.

Num. in primary ⇥ 2010 -1080 -5225 -4339 -901 -420 -1308 -97
(2057) (3863) (3993) (2247) (2331) (2316) (2483)

2010 (=1) -2091 7608 8603 -1609 -2014 -1418 -3154
(2314) (8745) (9688) (2489) (2525) (2646) (3063)

Number in primary school -125 -2294 -3553 394 845 -299 307
(2208) (3259) (3417) (2135) (2178) (2278) (2419)

Observations 3511 3397 3173 2768 2274 2012 1516
R-squared 0.19 0.10 0.11 0.30 0.30 0.30 0.29

Notes: Authors’ calculations from IHS 3 data. Standard errors in parentheses. Standard errors clustered at
the level of the enumeration area. Significance: *** 0.01, ** 0.05, * 0.1. The dependent variable is measured
in nominal Malawi kwacha. All regressions include as controls: district e↵ects, acres cultivated, a detailed
set of categorical variables for the age and gender of household composition, and gender, education, age, and
marital status of household head.
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Table A6: Triple di↵erence with various cut-o↵ months

Dependent variable: Cumulative value of crop sales through listed month
July Aug. Sept. Oct. Nov. Dec. Jan.

Num. in primary ⇥ Poor ⇥ 2010 1807 4884* 3668 1548 1029 1352 281
(2051) (2942) (2985) (2289) (2338) (2316) (2565)

Poor ⇥ 2010 1561 -6534 -6921 1576 2584 2725 5502*
(2443) (6895) (7453) (2746) (2808) (2962) (3331)

Num. in primary ⇥ Poor -2570 -5372* -4845* -3139 -3234 -3101 -3171
(1814) (2743) (2829) (1971) (1978) (1951) (1957)

Num. in primary ⇥ 2010 -524 -2944 -1754 -55 294 -472 618
(2002) (2597) (2602) (2184) (2282) (2222) (2393)

2010 (=1) -2974 4319 4739 -3140 -3293 -2731 -4520
(2382) (6578) (7169) (2511) (2580) (2676) (2981)

Number in primary school 820 315 -522 1022 1538 1243 1743
(1790) (2213) (2245) (1849) (1846) (1815) (1801)

Poor (=1) -2708 6808 6776 -2540 -2610 -3098 -3845*
(2038) (9584) (10041) (2156) (2210) (2220) (2226)

Observations 7060 6862 6468 5686 4588 4014 3045
R-squared 0.16 0.07 0.08 0.24 0.25 0.25 0.24

Notes: Authors’ calculations from IHS 3 data. Standard errors in parentheses. Standard errors clustered at
the level of the enumeration area. Significance: *** 0.01, ** 0.05, * 0.1. The dependent variable is measured
in nominal Malawi kwacha. All regressions include as controls: district e↵ects, acres cultivated, a detailed
set of categorical variables for the age and gender of household composition, and gender, education, age, and
marital status of household head.
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