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(Abstract)

In Sub-Saharan Africa (SSA), farmers are known to use various strategies to secure their

livelihoods. For example, crop diversification, in which farmers grow a wide range of crops

with different environmental adaptabilities, offers the endurance from drought and flood

and prevents outbreaks of crop diseases and pests. Income diversification, in which income

sources are diversified over on-farm and non-farm income, enables farmers to compensate for

the income loss caused by climatic and economic shocks. Previous studies have explored the

effectiveness for these livelihood strategies to reduce poverty among smallholders (Michler

and Josephson 2017).

Empirical studies have observed the heterogeneity of livelihood strategies by farmers’

economic levels (Tesfaye and Tirivayi 2020; Makate et al. 2022; Makate et al. 2023). For

example, it has been widely observed that crop diversification improves farmers’ welfare

among the poorest the most (Asfaw et al. 2018; Asfaw et al. 2019). In contrast, poor farmers

sometimes struggle to grow multiple crops because crop diversification requires agricultural

resources that poor farmers lack (e.g., land and seeds) (Weinberger and Lumpkin 2007;

Birthal et al. 2013). Farmers’ livelihood strategies have different roles depending on their

economic levels and sometimes cannot perform the role of poverty reduction owing to the lack

of resources. To utilize livelihood strategies as policy tools, we must deepen our understanding

on where the heterogeneity between poor and non-poor farmers originates.

To address this problem, this thesis first constructs an economic framework to analyze

choices and welfare of poor households at subsistence levels. Then, I apply this framework to

explain sources of heterogeneity by households’ economic levels in two livelihood strategies:

crop diversification and the cultivation in a secondary cropping season. Using the Tanzanian

National Panel Survey (NPS), this thesis shows that empirical findings are consistent with

theoretical predictions derived using my framework.

The second chapter of this thesis develops a microeconomic framework to characterize

choices and welfare of poor households at subsistence levels. I introduce a generalized form

of the subsistence constraint, f(x) ≥ R, into the standard consumer problem, i.e. the utility

maximization under the budget constraint. For applications to wide research topics in de-

velopment economics, this thesis maintains the generality of f when deriving microeconomic

properties. In this thesis, I restrict the domain of utility functions to consumption bundles

satisfying the subsistence constraint. I first show that the subsistence constraint is binding

(f(x) = R) when the MRS does not coincide with a price ratio at a solution, which is prac-

tically useful to obtain an analytical solution. I also show that a price ratio lies between two

marginal rates of substitution for a utility function u and subsistence function f at a solution.

Finally, I propose a hypothesis for subsequent chapters on farmers’ livelihood strategies. That

is, farmers’ production decisions and welfare impacts are heterogeneous between poor and
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non-poor farmers, based on their different purposes: to preserve the subsistence requirement

or to improve the quality of livelihoods.

Based on this microeconomic framework, the third chapter of this thesis attempts to

explain that poor and non-poor farmers adopt different strategies of crop diversification.

Crop diversification has received attention as a risk-reducing strategy for smallholders. In-

troducing the subsistence constraint into a farmer’s utility maximization framework under

uncertainty, this thesis illuminates three potential factors behind heterogeneous behaviors on

crop diversification between poor and non-poor farmers: subsistence requirement, balanced

dietary intakes, and stabilization of market income. Using the Tanzanian NPS, I then exam-

ine whether past experiences of shocks affect the adoption of crop diversification differently

between poor and non-poor farmers. I rely on a threshold model to estimate heterogeneous

impacts between poor and non-poor farmers. I find that poor farmers below the threshold

adopt crop diversification in response to drought/flood and a rise in food price. Conversely,

the loss of livestock (productive assets for tillage) traps poor farmers in low crop diversity.

In contrast, non-poor farmers above the threshold adopt crop diversification in response to

a fall in crop price for sale and a rise in input price for purchase.

The fourth chapter of this thesis sheds light on welfare impacts of farmers’ cultivation in

the short rainy season, which is a secondary cropping period in East Africa. In Tanzania,

most farmers cultivate in the long rainy season from March to May and harvest crops in July

and August. The short rainy season begins in September/October and continues through

December/January. Farmers who cultivate in the short rainy season produce additional food

until the start of the main cropping season, which may enable them to address the lack of

food available during the lean season. Referring to the extended microeconomic framework

in Chapter 2, I first conceptualize how additional agricultural income obtained in the short

rainy season improve farmers’ welfare in the lean season. Using six waves from 2008/09 to

2020/21 in the Tanzanian NPS, I then examine whether the cultivation in the short rainy

season improves farmers’ food consumption. I find that resource-poor farmers with small

farm size gain more food consumption per acre of planted land in the short rainy season

than resource-rich farmers with large farm size do. Moreover, farmers who do not have off-

farm jobs obtain more calories by cultivating in the short rainy season, whereas farmers who

have off-farm jobs realize more dietary diversity by doing so.

Welfare improvements by the cultivation in the short rainy season are not limited to food

security. Farmers who cultivate in the short rainy season obtain additional cash income by

selling harvested crops, which may enable farmers to solve wide ranges of economic issues

in their livelihoods. The fifth chapter of this thesis attempts to clarify that the double-

cropping in the short rainy season after the main one improves the schooling of children

among Tanzanian farmers. My dataset comes from the six waves from 2008/09 to 2020/21 of
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the Tanzanian NPS. I find that the double-cropping increases the probability of enrollment in

primary and lower-secondary schools by children, in particular by girls. The double-cropping

also increases the number of boys who continue to attend schools without dropping out.

Moreover, these improvements of the children’s education are stronger for asset-poor farmers

than for asset-rich farmers, but exist over a wide range of asset levels.

The findings in the preceding three chapters support the hypothesis in Chapter 2. I found

that the adoption of crop diversification and the welfare impacts of the cultivation in the

secondary cropping season are heterogeneous by farmers’ economic levels. Poor farmers care

about whether they fall into low income or when prices of necessities become high. In contrast,

non-poor consumers does not need to care about the survival unlike poor farmers and attempt

to improve the quality of livelihoods (e.g., dietary diversity, non-food consumption), rather

than to preserve livelihood requirement (e.g., caloric intakes). The two livelihood strategies

in this thesis reduce the possibility that farmers fall into low income and improve their food

security when prices tend to be high, which leads to the heterogeneity by farmers’ economic

levels.

The contributions of this thesis are threefold. First, this thesis provides a convenient

theoretical tool to analyze choices and welfare of poor households at subsistence levels.

Previous studies often set specific functional forms and assumptions to obtain analytical

solutions (e.g, using the utility function u(x) = log(x−R)). In contrast, this thesis maintains

the generality of the framework when deriving mathematical properties. These mathematical

properties enable us to intuitively discuss a wide range of topics in development economics,

without delving into detailed mathematical calculation. Second, this thesis explains how

poor and non-poor farmers are differently motivated for crop diversification. Some previous

studies empirically observed that the adoption of crop diversification is heterogeneous by

farmers’ economic levels, but did not clearly explain sources of heterogeneity (Makate et al.

2022; Makate et al. 2023). This thesis clarifies potential factors behind different motivations

for crop diversification between poor and non-poor farmers. Third, this thesis shows that

the cultivation in the short rainy season may be a strategic option for farmers to address

economic issues in their livelihoods. Most previous studies neither focused on the cultivation

in the short rainy season as a main research topic nor examined its economic roles (Holden

and Shiferaw 2004; Kassie et al. 2013; Dimitrova 2021). However, the cultivation in the short

rainy season is not a minor or special economic activity among farmers, as I will show in

the fourth chapter. The findings of this thesis suggest that farmers who cultivate in the

short rainy season can address the lack of food during the lean season and incur educational

expenses for the schooling of children.
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Chapter 1

Introduction

1.1 Background

In Sub-Saharan Africa (SSA), farmers are known to use various strategies to secure their

livelihoods under limited resources. Income diversification, which extends farmers’ income

sources to multiple sources such as non-farm income, enables farmers to compensate for

the income loss caused by climatic and economic shocks (Loison 2015; Asfaw et al. 2018;

Musumba et al. 2022). Crop diversification, which provides wide environmental adaptability

by growing multiple crops in farmland, enables farmers to alleviate damages of agricultural

and market shocks to their livelihoods (Asfaw et al. 2019; Makate et al., 2023). Previous

studies have proposed livelihood strategies as policies to reduce poverty among SSA farmers

with limited resources.

However, empirical studies suggested that SSA farmers neither uniformly adopt livelihood

strategies nor evenly benefit from their adoption. For example, it has been widely observed

that crop diversification improves farmers’ food consumption and income among the poorest

the most and contributes to poverty reduction (Michler and Josephson 2017; Asfaw et al.

2018; Asfaw et al. 2019; Tesfaye and Tirivayi 2020). In contrast, farmers must own enough

agricultural resources (e.g., land and seeds) to grow multiple crops, which makes it difficult

for poor farmers to adopt crop diversification (Weinberger and Lumpkin 2007; Birthal et al.

2013; Makate et al. 2022; Makate et al. 2023). Although livelihood strategies aim to reduce

poverty, their adoption and welfare impacts are different by farmers’ economic levels.

The heterogeneity of livelihood strategies by farmers’ economic levels obscures policy im-

plications that livelihood strategies have for poverty reduction. To utilize farmers’ livelihood

strategies as policy tools, we must deepen the understanding on where the heterogeneity

between poor and non-poor farmers originates.

1



1.2 Objectives of This Thesis

Based on the research motivation in Background, this thesis aims to understand why liveli-

hood strategies are heterogeneous by farmers’ economic levels. To do so, this thesis first

constructs an economic framework to analyze choices and welfare of poor households at

subsistence levels. Then, I apply this framework to explain sources of heterogeneity in two

livelihood strategies: crop diversification and the cultivation in a secondary cropping season.

Using the Tanzanian National Panel Survey (NPS), this thesis shows that empirical findings

are consistent with theoretical predictions derived using my framework. Clarifying sources

of heterogeneity by economic levels is beneficial to build policies of livelihood strategies that

are suitable for poor and non-poor farmers.

1.3 Outline of This Thesis

In the second chapter, this thesis develops a microeconomic framework to analyze choices

and welfare of poor households at subsistence levels. I introduce a generalized functional

form of the subsistence constraint, f(x) ≥ R, into the standard consumer problem, i.e., the

utility maximization under the budget constraint. For applications to wide research topics

in development economics, this thesis maintains the generality of f when deriving microe-

conomic properties. In this thesis, I restrict the domain of utility functions to consumption

bundles satisfying the subsistence constraint. I first attempt to derive a condition where

the subsistence constraint is binding (f(x) = R), which is practically useful to obtain an

analytical solution. I also attempt to show that a price ratio lies between two marginal rates

of substitution for a utility function u and subsistence function f at a solution. Finally,

I propose a hypothesis for subsequent chapters on farmers’ livelihood strategies. That is,

farmers’ production decisions and welfare impacts are heterogeneous between poor and non-

poor farmers, based on their different purposes: to preserve the subsistence requirement or

to improve the quality of livelihoods.

In the third chapter, this thesis attempts to show that poor and non-poor farmers are

differently motivated for crop diversification. Introducing the subsistence constraint into

a farmer’s utility maximization framework under uncertainty, this thesis illuminates three

potential factors behind heterogeneous behaviors on crop diversification between poor and

non-poor farmers: subsistence requirement, balanced dietary intakes, and stabilization of

market income. Using the Tanzanian NPS, I then examine whether past experiences of

agronomic and market shocks affect the adoption of crop diversification differently between

poor and non-poor farmers. Farmers who experienced shocks in the past recognize possible

risks in the future. By observing responses to shocks, I aim to reveal that poor and non-poor
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farmers address different risks by crop diversification. I further examine farmers’ crop choices

behind crop diversification.

The fourth chapter of this thesis sheds light on farmers’ cultivation in the short rainy

season, which is a secondary cropping period in East Africa. In Tanzania, most farmers cul-

tivate in the long rainy season from March to May and harvest crops in July and August. The

short rainy season begins in September/October and continues through December/January.

Farmers who cultivate in the short rainy season produce additional food until the start of

the main cropping season, which may enable them to address the lack of food available

during the lean season. The conceptual framework in this chapter considers how additional

agricultural income obtained in the short rainy season improve farmers’ welfare in the lean

season. Using six waves from 2008/09 to 2020/21 in the Tanzanian NPS, I empirically ex-

amine whether the cultivation in the short rainy season improves farmers’ caloric intakes

and dietary diversity. I also examine heterogeneous impacts on farmers’ food consumption,

depending whether farmers have off-farm jobs.

Welfare improvements by the cultivation in the short rainy season are not limited to food

security. Farmers who cultivate in the short rainy season obtain additional cash income by

selling harvested crops, which may enable farmers to solve wide ranges of economic issues

in their livelihoods. In the fifth chapter, this thesis attempts to clarify that the double-

cropping over the long and short rainy seasons improves the schooling of children among

Tanzanian farmers, using the household dataset of the Tanzanian NPS. As outcome variables

of children’s education, I focus on the probability of children’s enrollment in pre-primary,

primary, and lower-secondary schools and the number of children attending these schools

without dropping out.

1.4 Contributions

This thesis makes three contributions to existing studies. First, this thesis provides a conve-

nient theoretical tool to analyze choices and welfare of poor households at subsistence levels.

Previous studies often set convenient functional forms and assumptions to obtain analytical

solutions (e.g, using the utility function u(x) = log(x−R)). In contrast, this thesis maintains

the generality of the framework when deriving mathematical properties. These mathematical

properties enables us to intuitively discuss a wide range of topics in development economics,

without delving into detailed mathematical calculation.

Second, this thesis explains how poor and non-poor farmers are differently motivated

for crop diversification. Some previous studies empirically observed that the adoption of

crop diversification is heterogeneous by farmers’ economic levels, but did not clearly explain

sources of heterogeneity (Makate et al. 2022; Makate et al. 2023). This thesis clarifies poten-
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tial factors behind different motivations for crop diversification between poor and non-poor

farmers.

Third, this thesis shows that the cultivation in the short rainy season can be a strategic

option for farmers to address economic issues in their livelihoods. Most previous studies

neither focused on the cultivation in the short rainy season as a main research topic nor

examined its economic role (Holden and Shiferaw 2004; Kassie et al. 2013; Dimitrova 2021).

However, the cultivation in the short rainy season is not a minor or special economic activity

among farmers, as will be shown in Chapter 4. The findings of this thesis suggest that farmers

who cultivate in the short rainy season can address the lack of food during the lean season

and incur educational expenses for the schooling of children.

4



Chapter 2

Theoretical Framework of the

Subsistence Constraint under

Preferences with Restricted Domain

2.1 Introduction

In poor economies, households must secure a minimum level of food consumption for survival.

This subsistence requirement forces poor households to prioritize consuming certain goods

relative to others, which causes behavioral and productivity differences between poor and

wealthy countries (Lagakos and Waugh 2013; Gollin et al. 2014).

Because of the importance in developing economics, many previous studies have formu-

lated subsistence households in an economic framework. For example, some studies specified

a functional form of utility as u(c) = log(c − R) (c ≥ 0, R > 0) (Lagakos and Waugh 2013;

Gollin and Rogerson 2014; Rivera-Padilla 2020). In the theory of economic growth, an instan-

taneous utility function at time t is specified as
(c(t)−R)1−θ − 1

1− θ
(Steger 2000; Antony and

Klarl 2022). Other studies introduced the subsistence constraint c ≥ R (Coles and Hammond

1995; Zimmerman and Carter 2003). In all formulations, the consumption c must exceed the

subsistence requirement R.

However, this subsistence constraint should be framed more generally because the meaning

of subsistence is diverse, depending on research contexts. For example, consider a situation

where farmers produce two crops for their self-consumption: a staple crop such as maize and

rice and a non-staple crop such as vegetables. Both staple and non-staple crops contribute

to farmers’ dietary intakes, but with different weights. Poor farmers with limited production

resources may prioritize producing and consuming the staple crop with high caloric contents

for their survival. Then, the subsistence constraint that represents different weights of im-
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portance in the requirement of subsistence consumption takes the form of ϵ1c1 + ϵ2c2 ≥ R

(ϵ1 > ϵ2 > 0), where c1 and c2 are consumption amounts of the staple and non-staple foods,

respectively, and ϵ1 and ϵ2 are caloric amounts per unit of consumption of each food.

As another example, households may have to consume minimum levels of several dietary

nutrients such as calories, proteins, and vitamins. Then, the subsistence constraint takes the

form of min

{
c1
ϵ1
,
c2
ϵ2

}
≥ R, where c1 and c2 are consumption amounts including each dietary

nutrient. In other cases, there may be even a substitution between multiple necessities, for

example, bread and water. Eating only bread may not be appropriate even in a hunger

situation; starving persons also need to drink water while eating bread. It seems unlikely

that aid policies to regions attacked by hunger supply either only bread or only water; they

usually seem to supply both goods in a balanced proportion. Then, the subsistence constraint

takes the form of (c1)
ϵ1(c2)

ϵ2 ≥ R, where c1 and c2 are consumption amounts of bread and

water.

This chapter aims to develop a microeconomic framework widely applicable for analyzing

households at subsistence levels. I introduce into the customary consumer problem a gener-

alized form of the subsistence constraint, f(x) ≥ R, where x ∈ RN
+ is a consumption bundle

(N ∈ N) and R ∈ R is a subsistence requirement (RN
+ is the non-negative domain). For wide

applications to broad research topics in development economics, this chapter will then derive

microeconomic properties while maintaining the generality of f .

Throughout this chapter and this thesis, I restrict the domain of utility functions to

consumption bundles satisfying the subsistence constraint. In Section 2.2, I firstly show that

the subsistence constraint is binding for a solution (f(x) = R) when the MRS there does

not coincide with the price ratio. This property is practically useful to obtain an analytical

solution, which is given by the intersection between the budget and subsistence lines. I

also show that the price ratio lies between two marginal rates of substitution for a utility

function u and subsistence function f at a solution. In Section 2.3, I propose a hypothesis for

subsequent chapters on farmers’ livelihood strategies. That is, farmers’ production decisions

and welfare impacts are heterogeneous between poor and non-poor farmers, based on their

different purposes: to preserve the subsistence requirement or to improve the quality of

livelihoods.

This chapter contributes to the framework of poor economics in two ways. First, the

subsistence constraint can be adapted to various situations of livelihood requirement. Mi-

croeconomic properties in this chapter can be applied widely because of their generality.

Second, we can easily obtain analytical solutions without delving into detailed mathematical

calculation. As I will show in Section 2.2, we can easily check whether consumer solutions

under the subsistence constraint are given at the intersection between the budget line and

the subsistence line (f(x) = R). This property considerably enhances the power of graphical
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representation in my framework.

In this thesis, RN
++ is the interior of RN

+ . I use the Euclidean norm ||x|| :=
√
x2
1 + · · ·+ x2

N ,

where x = (x1, . . . , xN). I denote by ui(x) and fi(x) the partial derivatives of u and f with

respect to xi at x, respectively. Finally, let ∇u(x) := (u1(x), . . . , uN(x)).

2.2 Framework

2.2.1 Subsistence Constraint

This thesis first defines the consumption space V ⊂ RN
+ , using the subsistence constraint

below:

f(x) ≥ R.

Under the subsistence constraint, the consumer first and foremost has to secure the min-

imum requirement in livelihoods. For example, Chapters 3 and 4 consider the requirement

of caloric intakes for human bodies. If the consumer does not take enough calories for the

body, he/she suffers from hunger and malnutrition, or death at worst, which forces him/her

to prioritize consuming food with high caloric intakes. Chapter 5 considers two types of

goods: a necessity such as food and houses and a non-necessity such as children’s education.

The consumer cannot afford to make his/her children take educational services until he/she

secure daily food and build a house for residence. The subsistence constraint expresses the

consumers’ behaviors to secure livelihood requirements before enjoying free consumption

choices.

Let the subsistence set be V := {x ∈ RN
+ | f(x) ≥ R}. Then, the consumption space, on

which the consumer’s preference is defined, is specified as V in this thesis. The consumer can-

not enjoy free consumption choices until he/she satisfies the requirement for the livelihood.

Thus, this thesis assumes that the preference is formed only when the consumer satisfies the

subsistence constraint. Based on the preference defined on the consumption space, I consider

a utility function u : V → R. Throughout this chapter, R ∈ R is fixed.

The subsistence function f : RN
+ → R can take various forms, depending on research

contexts. Figure 2.1 displays three examples of the subsistence constraint. In Figure 2.1,

indifference curves are indicated by solid lines in the domain satisfying the subsistence con-

straint but omitted outside V . In Figure 2.1(a), f(x) = ϵ1x1 + ϵ2x2, which means that the

consumer faces different weights ϵ1 > ϵ2 > 0. Because ϵ1 > ϵ2, feasible consumption bundles

under both the budget and subsistence constraints, or the shaded parts in Figure 2.1(a), are

placed disproportionately to the side of x1. The solution is given by xsub at the intersection

between the budget and subsistence lines. In xsub, the consumer must prioritize consuming
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u

u

(a) Perfectly substitutable
O

ϵ1x1 + ϵ2x2 = R

p1x1 + p2x2 = I

xsub

x1

x2

usub

u

(b) Perfectly complementary
O

min

{
x1

ϵ1
,
x2

ϵ2

}
= R

p1x1 + p2x2 = I

xsub

x1

x2

usub

u

(c) Partly substitutable
O

(x1)
ϵ1(x2)

ϵ2 = R

p1x1 + p2x2 = I

xsub

x1

x2

usub
x u ux x

Figure 2.1: Examples of the subsistence constraint. The shaded parts represent feasible consumption bundles
that satisfy both the budget and subsistence constraints.

x1 relative to x2 to secure the livelihood requirement.

In Figure 2.1(b), f(x) =

{
x1

ϵ1
,
x2

ϵ2

}
, which means that the consumer must consume at

least a minimum level R in each good.1 In Figure 2.1(c), f(x) = (x1)
ϵ1(x2)

ϵ2 , which means

that the substitution between x1 and x2 exists and changes depending on the proportion of

consumption of these goods.

The consumer is a price taker and does not have the power to influence market price

p ∈ RN
++. Income I ∈ R++ is also exogenously given. Given (p, I) ∈ RN+1

++ , I define the budget

set as B(p, I) := {x ∈ V | p · x ≤ I}, where B(p, I) is also restricted to V . I assume that

B(p, I) is nonempty unless expressly stated otherwise.

Given (p, I) ∈ RN+1
++ , the consumer in this chapter solves

max
x∈V

u(x) s.t. x ∈ B(p, I),

where the domain of u, which would be RN
+ in the customary consumer problem, is re-

stricted to V . Throughout this chapter, I denote by Xsub(p, I) a set of solutions to the utility

maximization problem above, given (p, I) ∈ RN+1
++ .

2.2.2 Characterizing Solutions by Marginal Rates of Substitution, Price Ratios,

and Slopes of Subsistence Functions

In Figure 2.1, the subsistence constraint is binding for the solution xsub. The following the-

orem shows that the subsistence constraint is binding for a solution when the marginal rate

of substitution (MRS) there differs from the price ratio:

Theorem 2.2.1. Take any (p, I) ∈ RN+1
++ and any xsub ∈ Xsub(p, I). Suppose that u is

1This subsistence constraint can be considered to represent Stone-Geary preferences with utility functions
such as u(x) = (x1 − x̄1)

γ1(x2 − x̄2)
γ2 · · · (xN − x̄N )γN (x̄i ≥ 0, 0 < γi < 1).
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continuously differentiable in the neighborhood of xsub and that f is continuous at xsub. For

xsub ∈ RN
++, if

ui(x
sub)

uj(xsub)
̸= pi

pj
and ui(x

sub), uj(x
sub) > 0 for some i, j ∈ {1, . . . , N}, then

f(xsub) = R holds.

Proof. Without loss of generality, assume
ui(x

sub)

uj(xsub)
>

pi
pj
. Suppose f(xsub) > R for a contra-

diction. For ϵ > 0, consider the deviation from xsub by hϵ = (hϵ
1, . . . , h

ϵ
N), where h

ϵ
i =

(
pj
pi

)
ϵ,

hϵ
j = −ϵ, and hϵ

k = 0 (k ̸= i, j). Because xsub ∈ RN
++, f is continuous, and f(xsub) > R, there

exists b > 0 such that we have xsub+hϵ ∈ RN
+ and f(xsub+hϵ) ≥ R for all 0 < ϵ < b. Because

u is continuously differentiable in the neighborhood of xsub, it holds by the first-order Taylor

expansion at xsub that

u(xsub + hϵ) = u(xsub) + ui(x
sub) ·

(
pj
pi

)
ϵ+ uj(x

sub) · (−ϵ) + o(||hϵ||),

where o(·) is a higher-order infinitesimal. By definition, hϵ → 0 if ϵ → 0. Thus, we can rewrite

the equation above as

u(xsub + hϵ) = u(xsub) + ϵ ·
{
ui(x

sub) ·
(
pj
pi

)
− uj(x

sub)

}
+ o(ϵ),

Suppose for a contradiction that, for all c > 0 (c < b), there exists 0 < ϵ̄ ≤ c such that

ϵ̄ ·
{
ui(x

sub) ·
(
pj
pi

)
− uj(x

sub)

}
≤ |o(ϵ̄)|. Take any sequence {cn} such that cn > 0 for all

n ∈ N and cn → 0. It follows from the supposition that, for all n ∈ N, there would exist

ϵ̄n > 0 such that

ϵ̄n ·
{
ui(x

sub) ·
(
pj
pi

)
− uj(x

sub)

}
≤ |o(ϵ̄n)|

∴ ui(x
sub) ·

(
pj
pi

)
− uj(x

sub) ≤
∣∣∣∣o(ϵ̄n)ϵ̄n

∣∣∣∣ .
Note ϵ̄n → 0 because cn → 0. By definition,

∣∣∣∣o(ϵ̄n)ϵ̄n

∣∣∣∣ → 0 (ϵ̄n → 0), which implies ui(x
sub) ·(

pj
pi

)
− uj(x

sub) ≤ 0. However, ui(x
sub) ·

(
pj
pi

)
− uj(x

sub) > 0 because
ui(x

sub)

uj(xsub)
>

pi
pj

and

ui(x
sub), uj(x

sub) > 0, a contradiction.

Therefore, there exists c > 0 (c < b) such that u(xsub + hϵ) > u(xsub) for all 0 < ϵ < c.

Note p · (xsub + hϵ) = p · xsub ≤ I for all ϵ > 0. Then, we have u(xsub + hϵ) > u(xsub),

p · (xsub + hϵ) ≤ I, and f(xsub + hϵ) ≥ R for all 0 < ϵ < c, which contradicts the optimality

of xsub. Therefore, we have f(xsub) = R, which proves the theorem.
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The solution xsub must be in the interior of RN
+ , or RN

++, because we cannot take hϵ, the

deviation from xsub, when xsub lies in the boundary of RN
+ .

As Figure 2.1 shows, the MRS at xsub, or
u1(x

sub)

u2(xsub)
, does not coincide with the price ratio

p1
p2
. Then, it follows from Theorem 2.2.1 that the subsistence constraint is binding for the

solution, or f(xsub) = R.

As a corollary to Theorem 2.2.1, I obtain the following property:

Corollary 2.2.2. Take any (p, I) ∈ RN+1
++ and any x ∈ B(p, I) such that

ui(x)

uj(x)
̸= pi

pj
for

some i, j ∈ {1, . . . , N}. Suppose that u is continuously differentiable in the neighborhood of

x and that f is continuous. For x ∈ RN
++, if f(x) > R, then x ̸∈ Xsub(p, I).

Proof. Suppose x ∈ Xsub(p, I) for a contradiction. Because f(x) > R, it follows from the

contraposition of Theorem 2.2.1 that
ui(x)

uj(x)
=

pi
pj

for all i, j ∈ {1, . . . , N}, which contradicts

the assumption of the corollary.

In Figure 2.1(a), u is strictly increasing and f is nondecreasing. Thus, a solution lies within

the budget line p · x = I. However, x in Figure 2.1(a) is not a solution by Corollary 2.2.2

because f(x) > R and
u1(x)

u2(x)
̸= p1

p2
.

As a property of solutions, the following theorem provides a relationship between three

slopes of u, p, and f :

Theorem 2.2.3. Take any (p, I) ∈ RN+1
++ and any xsub ∈ Xsub(p, I). Suppose that u and

f are continuously differentiable in the neighborhood of xsub. For xsub ∈ RN
++,

ui(x
sub)

uj(xsub)
≤

pi
pj

≤ fi(x
sub)

fj(xsub)
or

fi(x
sub)

fj(xsub)
≤ pi

pj
≤ ui(x

sub)

uj(xsub)
holds for all i, j ∈ {1, . . . , N} such that ui(x

sub),

uj(x
sub), fi(x

sub), and fj(x
sub) are positive.

Proof. If N = 1, the claim is trivial because i = j = 1 and
ui(x

sub)

uj(xsub)
=

pi
pj

=
fi(x

sub)

fj(xsub)
= 1.

Thus, consider N ≥ 2. Suppose for a contradiction that there exists some xsub ∈ Xsub(p, I)∩
RN

++ such that either (1) or (2) below holds for some i, j ∈ {1, . . . , N} such that ui(x
sub), uj(x

sub) >

0 and fi(x
sub), fj(x

sub) > 0:

(1)
ui(x

sub)

uj(xsub)
>

pi
pj

and
fi(x

sub)

fj(xsub)
>

pi
pj

(2)
ui(x

sub)

uj(xsub)
<

pi
pj

and
fi(x

sub)

fj(xsub)
<

pi
pj
.
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Consider Case (1) first. For ϵ > 0, let hϵ = (hϵ
1, . . . , h

ϵ
N), where hϵ

i =

(
pj
pi

)
ϵ, hϵ

j = −ϵ,

and hϵ
k = 0 (k ̸= i, j). Take any sufficiently small ϵ > 0 so that xsub + hϵ belongs to the

neighborhood of xsub for the continuous differentiability of u and f within RN
+ . Then, because

f is continuously differentiable in the neighborhood of xsub, it follows from the first-order

Taylor expansion at xsub that

f(xsub + hϵ) = f(xsub) + ϵ ·
{
fi(x

sub) ·
(
pj
pi

)
− fj(x

sub)

}
+ o(ϵ),

where o(·) is a higher-order infinitesimal. As in the proof of Theorem 2.2.1, we have f(xsub+

hϵ) > f(xsub) ≥ R, which implies xsub + hϵ ∈ V and hence u is defined at this point. Note

p · (xsub + hϵ) = p · xsub ≤ I, which implies that xsub + hϵ is feasible under the budget and

subsistence constraints. Because
ui(x

sub)

uj(xsub)
>

pi
pj
, we similarly have u(xsub + hϵ) > u(xsub),

which contradicts the optimality of xsub.

Because Case (2) is equivalent to
uj(x

sub)

ui(xsub)
>

pj
pi

and
fj(x

sub)

fi(xsub)
>

pj
pi
, we have proved the

theorem.

Theorem 2.2.3 shows that the price ratio lies between the MRS and the slope of f at a

solution. In Figure 2.1(a), the budget line lies between the indifference curve through xsub

and the “lower-bound” of the consumption space V (the subsistence line of f(xsub) = R).

As a caveat, Theorem 2.2.3 does not hold in the boundary of RN
+ because we must take hϵ,

the deviation from xsub, in the proof. Appendix 2-I shows its counterexample.

Theorem 2.2.3 cannot be applied to a case where fi(x
sub) = 0, as in Figure 2.1(b). The

following theorem complements Theorem 2.2.3:

Theorem 2.2.4. Take any (p, I) ∈ RN+1
++ and any xsub ∈ Xsub(p, I). Suppose that u and f

are continuously differentiable in the neighborhood of xsub. For xsub ∈ RN
++,

ui(x
sub)

uj(xsub)
≤ pi

pj
holds for all i, j ∈ {1, . . . , N} such that ui(x

sub), uj(x
sub) > 0, fi(x

sub) > 0, and fj(x
sub) = 0.

Proof. Suppose for a contradiction that
ui(x

sub)

uj(xsub)
>

pi
pj

for some i, j ∈ {1, . . . , N} such that

fi(x
sub) > 0 and fj(x

sub) = 0. For ϵ > 0, let hϵ = (hϵ
1, . . . , h

ϵ
N), where hϵ

i =

(
pj
pi

)
ϵ, hϵ

j = −ϵ,

and hϵ
k = 0 (k ̸= i, j). Take any sufficiently small ϵ > 0 so that xsub + hϵ can belong to the

neighborhood of xsub for the continuous differentiability of u and f within RN
+ . Then, because

f is continuously differentiable in the neighborhood of xsub and fj(x
sub) = 0, it follows from
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the first-order Taylor expansion at xsub that

f(xsub + hϵ) = f(xsub) + ϵ · fi(xsub) ·
(
pj
pi

)
+ o(ϵ),

which implies f(xsub+hϵ) > f(xsub) ≥ R. Because
ui(x

sub)

uj(xsub)
>

pi
pj
, we also have u(xsub+hϵ) >

u(xsub), which contradicts the optimality of xsub.

Theorem 2.2.4 allows for “fi/fj = 0” or “fi/fj = ∞” in Theorem 2.2.3 (When “fi/fj =

0/0,” any ordering between ui/uj and pi/pj is allowed. See Appendix 2-I). In Figures 2.1(b)

and 2.1(c), the subsistence constraint is binding for x, similarly to xsub. However,
u1(x)

u2(x)
<

p1
p2

while f1(x) = 0 and f2(x) > 0 in Figure 2.1(b). In Figure 2.1(c),
u1(x)

u2(x)
<

f1(x)

f2(x)
<

p1
p2
. By

Theorem 2.2.3 and Theorem 2.2.4, x is not a solution.

The following theorem shows that the ordering between the three slopes of u, p, and f

also works as a sufficient condition for a solution in a two dimensional case:

Theorem 2.2.5. Let N = 2. Take any (p, I) ∈ R3
++ and any x̄ ∈ B(p, I) such that f(x̄) = R

and p · x̄ = I. Suppose that u is strictly quasi-concave, strictly increasing, and continuously

differentiable in the neighborhood of x̄. Suppose also that f is quasi-concave, nondecreasing,

and continuously differentiable in the neighborhood of x̄, Finally, suppose ui(x̄) > 0 and

fi(x̄) > 0 (i = 1, 2). For x̄ ∈ R2
++, if

u1(x̄)

u2(x̄)
<

p1
p2

<
f1(x̄)

f2(x̄)
or

f1(x̄)

f2(x̄)
<

p1
p2

<
u1(x̄)

u2(x̄)
holds,

then x̄ is the unique solution, or Xsub(p, I) = {x̄}.

In case fi(x) = 0 (i = 1 or 2), the following theorem complements Theorem 2.2.5:

Theorem 2.2.6. Let N = 2. Take any (p, I) ∈ R3
++ and any x̄ ∈ B(p, I) such that f(x̄) = R

and p · x̄ = I. Suppose that u is strictly quasi-concave, strictly increasing, and continuously

differentiable in the neighborhood of x̄. Suppose also that f is quasi-concave, nondecreasing,

and continuously differentiable in the neighborhood of x̄, Finally, suppose uk(x̄) > 0 (k =

1, 2), fi(x̄) > 0, and fj(x̄) = 0. For x̄ ∈ R2
++, if

ui(x̄)

uj(x̄)
<

pi
pj

holds, then x̄ is the unique

solution, or Xsub(p, I) = {x̄}.

The proofs are shown in Appendix 2-I. The two theorems above show that, in the two

dimensional cases of Figures 2.1(a)-(c), a solution is uniquely determined at xsub, which is

located at the intersection between the budget line (p · x = I) and the subsistence line

(f(x) = I).
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u(x) ≡ t′

p1x1 + p2x2 = I

ϵ1x1 + ϵ2x2 = R

p1
p2

x2

x1O

xsub

Figure 2.2: The second channel in which the subsistence constraint becomes binding. The shaded parts
represent feasible consumption bundles that satisfy both the budget and subsistence constraints.

2.3 Implications

The theorems in the previous subsection suggest two channels in which the subsistence

constraint binds: (1) when income is extremely low and (2) when prices of necessity goods

are very high. To illustrate this, consider two goods, x1 and x2, and the subsistence constraint

f(x) = ϵ1x2 + ϵ2x2, where ϵ1 > ϵ2 > 0. Because ϵ1 > ϵ2, consuming x1 is more crucial for

satisfying the subsistence constraint than consuming x2. Thus, x1 is a necessity good, whereas

x2 is a non-necessity good. Suppose that the marginal utility is positive and diminishing.

To explain the first channel (1), note that a poor consumer with low income has to

prioritize consuming x1 relative to x2 for survival, as Figure 2.1(a) shows. Consequently, u1 is

considerably low relative to u2. Then, the MRS is below the price ratio, or
u1

u2

<
p1
p2
. Although

a poor consumer wishes to consume x1 and x2 to the point where the MRS coincides with the

price ratio, they cannot do so because the consumer’s income is too low. By Theorem 2.2.1

and Corollary 2.2.2, f(xsub) = R holds for the solution xsub, which is the corner solution of

the consumption space.

To explain the second channel (2), suppose that the price of the necessity good, p1, rises

dramatically relative to p2 due to some external shocks. Then, the price ratio p1/p2 rises,

leading to p1/p2 > ϵ1/ϵ2, which is shown in Figure 2.2. Although the consumer wants to

consume x1 up to the point where u1/u2 = p1/p2, he/she cannot do so because of the lack of

income to consume enough amounts of the high-priced necessity. Thus, ϵ1/ϵ2 < p1/p2 < u1/u2

holds at xsub in Figure 2.2. By Theorem 2.2.5 and Theorem 2.2.6, the subsistence constraint

is binding for the solution.

It is notable that when such cases occur, the optimal choice is the corner solution, rather

than on the interior of the feasible consumption space. As farmers wish to avoid facing such
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situations, they can take measures against this possibility through their production decisions

that take place one period before. Based on the theories developed thus far, I hypothesize that

poor farmers, who are more likely to fall into such situations where the subsistence constraint

binds, and non-poor farmers, who are less likely to suffer from such situations, take different

strategies in their production decisions. Further, as their strategies are heterogeneous, the

welfare impacts are also expected to be heterogeneous depending upon the farmers’ economic

levels.

In the following chapters, I focus on two production decisions, which are crop diversifi-

cation and the cultivation in a secondary cropping season. These production strategies have

two roles in preventing farmers from falling into situations where the subsistence constraint

binds. First, the two livelihood strategies may increase overall income so that farmers’ in-

come will not be extremely low as discussed as channel (1). Crop diversification increases

farmers’ production volume through agronomic synergies between crops. The cultivation in

a secondary cropping season provides additional food and income to farmers within a year.

Both of the strategies have a role to prevent farmers from falling into strikingly low income

by expanding farmers’ “production frontiers.” Second, the two livelihood strategies weaken

effects of the volatility in crop prices even in situations where the market price of one good

surges as discussed as channel (2). By planting a wide range of crops for self-consumption,

farmers can improve the food security when a food price dramatically rises. By cultivating in

a secondary cropping season, farmers can improve the food security during the lean season

when prices of staple crops tend to be high.

Because crop diversification and the cultivation in a secondary cropping season have

these two roles, poor and non-poor farmers are predicted to adopt these strategies, based

on different purposes: to preserve the subsistence requirement or to improve the quality

of livelihoods. I will test in subsequent chapters whether the motivation to adopt these

livelihood strategies and their welfare impacts are different by farmers’ economic levels.

2.4 Conclusion

This chapter has introduced the subsistence constraint, f(x) ≥ R, into the customary con-

sumer theory. Because of a generalized functional form of the subsistence constraint, my

framework can apply to wide research topics in developing economics. I first show that the

subsistence constraint is binding for a solution (f(x) = R) when the MRS does not coin-

cide with the price ratio. I also show that the price ratio lies between two marginal rates of

substitution for u and f at a solution.

Based on these findings, I propose the hypothesis for subsequent chapters on farmers’

livelihood strategies. The subsistence constraint becomes binding when consumers fall into
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low income or prices of necessities become high. Poor consumers, whose subsistence constraint

is binding, cannot lower the consumption level below R and are expected to take measures in

the previous production stage to prevent them from falling into low income or being severely

affected by the price hikes. In contrast, non-poor consumers do not need to care about the

subsistence constraint and are thus expected to attempt to improve the quality of livelihood

rather than to preserve the subsistence requirement. Therefore, I hypothesize that farmers’

production decisions and their welfare impacts are heterogeneous between poor and non-poor

farmers. I will test this hypothesis in subsequent chapters which focus on crop diversification

and the cultivation in a secondary cropping season as farmers’ livelihood strategies.
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Chapter 3

Different Strategies of Crop

Diversification Between Poor and

Non-Poor Farmers: Concepts and

Evidence from Tanzania

3.1 Introduction

Crop diversification, or growing multiple crops in farmland, has received attention as a

strategy that smallholders can employ for poverty reduction. Cultivating a wide range of

crops with different environmental adaptabilities offers the endurance of drought and flood

and prevents outbreaks of crop diseases and pests (Asfaw et al. 2019). Diverse compositions

of harvested crops for sale stabilize farmers’ income, which is susceptible to price fluctuations

in markets (Asfaw et al. 2018).

Numerous empirical studies showed that crop diversification improves farmers’ welfare

through increased crop productivity, agricultural income, food consumption, and dietary

diversity (Di Falco and Chavas 2008; Di Falco et al. 2010; Jones et al. 2014; Birthal et al.

2015; Dillon et al. 2015; Hirvonen and Hoddinott 2017; Arslan et al. 2018; Asfaw et al.

2018; Ecker 2018; Asfaw et al. 2019; Bellon et al. 2020; Mulwa and Visser 2020; Tesfaye

and Tirivayi 2020). Furthermore, crop diversification stabilizes crop income and reduces its

downside risks (Smale et al. 1998; Di Falco and Perrings 2005; Di Falco and Chavas 2009;

Bozzola and Smale 2020; Maggio and Sitko 2021). Importantly, crop diversification benefits

the poorest the most and raises farmers out of poverty (Michler and Josephson 2017; Asfaw

et al. 2018; Asfaw et al. 2019; Tesfaye and Tirivayi 2020).

Although crop diversification is conducive to reducing poverty, poverty may constrain
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farmers’ capabilities of handling multiple crops in farmland. In the allocation of limited

agricultural resources, poor farmers may first and foremost prioritize cultivating staple crops

with high-caloric intakes for their survival (Rivera-Padilla 2020). Most studies examining

determinants of crop diversification found that agricultural resources such as land sizes,

asset levels, and livestock holdings are positively associated with farmers’ adoption of crop

diversification (Di Falco et al. 2010; McCord et al. 2015; Michler and Josephson 2017; Arslan

et al. 2018; Asfaw et al. 2018; Asfaw et al. 2019; Bellon et al. 2020; Bozzola and Smale 2020;

Tesfaye and Tirivayi 2020; Maggio and Sitko 2021; Makate et al. 2022; Makate et al. 2023).

The adoption of crop diversification is more difficult for poor farmers with low wealth levels,

which conflicts with the role of crop diversification for poverty reduction.

Because of this conflicting nature, farmers may take two opposite paths of crop diver-

sification when they experience shocks. If farmers who experienced shocks recognize the

importance of growing multiple crops for risk reduction, they may adopt crop diversification

to address future shocks. In contrast, poor farmers with limited assets may be vulnerable to

shock exposure (Dercon 2002). If farmers incur long-standing damages by past shocks, they

may lose capabilities of growing multiple crops. Empirical studies observed the two opposite

paths of crop diversification. Some studies showed that crop diversity in farmland increased

in response to past drought, crop disease, and food and input price fluctuation (Asfaw et al.

2018; Malawi and Niger in Asfaw et al. 2019; Bozzola and Smale 2020; Mulwa and Visser

2020; Tesfaye and Tirivayi 2020; Coromaldi et al. 2015). Conversely, other studies showed

that crop diversity decreased in response to past drought and flood (Maggio and Sitko 2021;

Zambia in Asfaw et al. 2019; Coromaldi et al. 2015).

Given these contradictory findings, it is unclear whether farmers are really motivated to

adopt crop diversification as a strategy to reduce poverty. Makate et al. (2022) and Makate et

al. (2023) found that past drought reduces crop diversity among poor Ethiopian farmers with

low wealth levels and increases it among wealthy Tanzanian and Malawian farmers, which

suggests that poverty constrains poor farmers’ adoption of crop diversification. However, we

are still unsure in their findings how poor farmers are motivated to adopt crop diversification

under poverty constraints. Furthermore, if the adoption of crop diversification is heteroge-

neous by wealth levels, how are non-poor farmers motivated to adopt crop diversification,

differently from poor farmers?

To fill in this research gap, this chapter first formalizes a microeconomic framework to

analyze farmers’ heterogeneous behaviors on crop diversification. By introducing a subsis-

tence constraint into the customary consumer problem, I highlight three potential factors

behind heterogeneous behaviors between poor and non-poor farmers: namely, subsistence

requirement, balanced dietary intakes, and stabilization of market income.

Using the Tanzanian National Panel Survey, this chapter then examines whether farmers’
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experiences of agronomic and market shocks affect their adoption of crop diversification. I

distinguish between poor and non-poor farmers based on food consumption levels, because

subsistence levels seem to work as a source of their heterogeneous behaviors. By observing

farmers’ responses to these shocks separately by consumption levels, I can reveal that poor

and non-poor farmers adopt crop diversification to address different risks in their livelihoods.

To clarify the heterogeneity, this chapter introduces a threshold model that assumes an

unobserved breakpoint in farmers’ food consumption levels, or a threshold. All farmers are

divided into two regimes: poor farmers below the threshold and non-poor farmers above the

threshold. Using the fixed-effects threshold model of Hansen (1999), this chapter examines

whether farmers who experienced shocks adopt crop diversification differently in the two

regimes.

Finally, this chapter examines what type of crops poor and non-poor farmers decide to cul-

tivate in response to shocks. The crop-specific analysis uncovers farmers’ crop choices behind

crop diversification and reveals important agronomic and market traits in their strategies of

crop diversification (Maggio and Sitko 2021).

The contributions are twofold. First, this study deepen the argument on where the hetero-

geneity between poor and non-poor farmers originates in the context of crop diversification.

Makate et al. (2022) and Makate et al. (2023) suggested that poor farmers are constrained

from adopting crop diversification. Then, a new question arises on how we should place crop

diversification in relation to its role of poverty reduction. This study attempts to answer this

question by illuminating the three potential factors as sources of heterogeneity. Second, this

study contributes to a better understanding of crop diversification in terms of ex-ante and

ex-post strategies. Ex-ante strategies are risk management to prepare for future shocks in

advance (Dercon 2002). Ex-post strategies are feedback actions coping with damages after

unanticipated shocks occur (Asfaw et al. 2018). In the context of crop diversification, farmers

may diversify crop portfolios ex ante to stabilize crop income (Smale et al. 1998; Di Falco and

Perrings 2005; Di Falco and Chavas 2009; Bozzola and Smale 2020; Maggio and Sitko 2021).

In contrast, farmers whose productive resources were damaged by shocks may specialize in

growing staple crops ex post to preserve subsistence levels (Makate et al. 2022). Based on

the three potential factors illustrated in the conceptual framework, this study attempts to

explain why farmers’ strategies of crop diversification can be ex ante in some cases and ex

post in others.

This chapter proceeds as follows: Section 3.2 provides the conceptual framework; Sec-

tion 3.3 explains the dataset and the estimation strategy; Section 3.4 presents the estimation

results; Section 3.5 explores crop-specific analysis; and Section 3.6 concludes this chapter.
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3.2 Conceptual Framework

I construct a conceptual foundation based on a state-contingent framework to characterize

the risk-reducing nature of crop diversification.

3.2.1 Theoretical Framework

Structure of Farmer’s Decisions under Uncertainty

Crop diversification is a risk-reducing strategy and improves farmers’ welfare by alleviating

uncertainty of future outcomes. To describe decisions under uncertainty, I introduce a set

of states of nature, Ω, and consider a farmer who maximizes the expected utility over Ω.

In each state, the farmer encounters different climatic and market conditions. In one state,

he/she cultivates crops in a climatically favorable condition; in another state, he/she obtains

low on-farm profits because of worse market conditions.

To highlight a risk-reducing role of crop diversification, I suppose that the process of

farmer’s decisions comprises two stages. In the first stage, the farmer determines the degree

of crop diversification before a state is realized. In the second stage after a state is realized,

consumption bundles are chosen.

First-Stage Decision on Crop Diversification

In the first stage, the farmer is uncertain which state is realized, and therefore maximizes

an expected utility, based on his probability assessments for each state. Denote by π(ω;h)

(0 < π(ω;h) < 1) the subjective probability for state ω ∈ Ω conditional on farmer’s personal

history h, and by E = (e1, . . . , eJ) the land allocation, where ej is the amount of land

allocated to crop j. Then, the farmer in the first stage chooses E to maximize the expected

utility U(E) below:

max
E

U(E) =
∑
ω∈Ω

π(ω;h)V (ω,E), (3.2.1)

where V (ω,E) is a maximized utility in the second stage, given ω and E, as will be defined

later. The subjective probability π(ω;h) reflects the idea that probability assessments may

be affected by farmer’s personal experience h. Farmers who experienced a shock may assess

the probability of the same shock occurring again more greatly than those who did not.

Second-Stage Decision on Consumption in Each State

Given the first-stage decision on crop diversification, suppose state ω is realized. In the

second stage, the farmer maximizes a utility function u(c, q), where c = (c1, . . . , cJ) is a food

consumption bundle and q = (q1, . . . , qK) is a non-food consumption bundle. I assume u
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is strictly concave, strictly increasing, and differentiable (its implication will be discussed

later).

The farmer chooses (c, q) under two constraints: a budget constraint and a subsistence

constraint. The budget constraint is the same as that in the customary consumer theory, but

varies by ω and E. Define the price vectors of the goods c and q by pc(ω) and pq(ω), which

is state-dependent. Then, the budget constraint in ω is written as

J∑
j=1

pcj(ω)cj +
K∑
k=1

pqk(ω)qk ≤ If (ω,E) + In, (3.2.2)

where If (ω,E) and In in the right side are on-farm and non-farm income, respectively.

Although In is exogenously given, If (ω,E) changes by the choice of E in the first stage, as

well as ω.

I further introduce the subsistence constraint to the customary consumer theory. The

farmer is required to consume enough food for survival so that a weighted average of food

consumption outweighs a subsistence level R:

J∑
j=1

ϵjcj ≥ R, (3.2.3)

where a nonnegative weight ϵj is allocated to each food consumption cj. For example, staple

crops (e.g., maize) have high caloric content (Rivera-Padilla 2020) and hence high weights;

cash crops (e.g., coffee) have low energy content and low or zero weights. The subsistence

constraint is assumed to be intrinsic to all individuals and is provided independently of

states.

Under the budget and subsistence constraints, the farmer obtains the optimal consump-

tion (c(ω,E), q(ω,E)) to maximize u:

u
(
c(ω,E), q(ω,E)

)
= max

(c,q)
u(c, q) subject to Equations (3.2.2) and (3.2.3) (3.2.4)

The maximized utility in the second stage, u
(
c(ω,E), q(ω,E)

)
, corresponds to V (ω,E) in

Equation (3.2.1).

The two optimizations in the first and second stages follow a backward solution: we first

obtain (c(ω,E), q(ω,E)) and V (ω,E) in the second stage, given ω and E; using V (ω,E), we

then solve Equation (3.2.1) to obtain E in the first stage.
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Convex and Risk-Averse Preference of Utility Function

The utility function in the second stage, u, is assumed to be strictly concave, which implies

two key properties on the farmer’s consumption preference (see Appendix 3-I for math-

ematical details). First, the preference is convex: an indifference curve is convex-shaped

to the origin (see Figure 3.1). This property is attributable to the fact that u is strictly

quasi-concave if it is strictly concave. The convex preference expresses the farmer’s desire to

achieve balanced consumption. Second, the preference is risk-averse: the farmer prefers to

achieve consumption with certainty rather than with uncertainty. This property motivates

the farmer to adopt crop diversification as a risk-reducing strategy because he/she maximizes

the expected utility in Equation (3.2.1).

Constraint for Subsistence Requirement

To explain how the subsistence constraint affects the farmer’s consumption choice in the

second stage, Figure 3.1 depicts choices of two food consumption bundles, c1 and c2, by

poor and non-poor farmers. In Figure 3.1(a), the low income of poor farmers, ILf + ILn ,

shrinks the shaded part of feasible consumption bundles that satisfy both the budget and

subsistence constraints. Then, the solution is given by the intersection between the budget

and subsistence constraints, csub, and f(csub) = R holds. In csub, poor farmers prioritize

consuming the high-weight food c1 relative to the low-weight one c2. The marginal rate

of substitution (MRS) in csub does not coincide with the slope of the budget constraint.

Consequently, poor farmers attain the low utility level usub = u(csub).

In contrast, non-poor farmers have sufficiently high income IHf +IHn . In Figure 3.1(b), the

optimal consumption under the budget constraint, c∗∗, satisfies the subsistence constraint.

Moreover, ϵ1c
∗∗
1 + ϵ2c

∗∗
2 > R and the MRS coincides with the price ratio. No consumption

distortion arises because non-poor farmers have relatively high income and a set of feasible

consumption bundles is sufficiently large.

The Lagrange function for Equation (3.2.4) also reveals how the subsistence constraint af-

fects farmers’ consumption choices. Differentiating the Lagrange function for Equation (3.2.4)

with respect to cj and qk, I obtain:

∂u

∂cj
= λ1pcj(ω)− λ2ϵj,

∂u

∂qk
= λ1pqk(ω), (3.2.5)

where λ1 is the Lagrange multiplier for the budget constraint and λ2 is for the subsistence

constraint. A Lagrange multiplier is nonnegative as its property: it is positive if its con-

straint is binding and zero if it is slack. Therefore, if the subsistence constraint is slack, as

in Figure 3.1(b), we have λ2 = 0. The farmer’s consumption choice is unaffected by the

subsistence constraint. However, if the subsistence constraint is binding, as in Figure 3.1(a),
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usub = u(c1, c2)

(b) Non-poor farmers: subsistence constraint is slack

O

p1c1 + p2c2 = IHf + IHn

c∗∗

c1

c2

(a) Poor farmers: subsistence constraint is binding

O

ϵ1c1 + ϵ2c2 = R

p1c1 + p2c2 = ILf + ILn

csub

c1

c2

ũ = u(c1, c2)

ϵ1c1 + ϵ2c2 = R

Figure 3.1: Graphical representation of the subsistence constraint between poor and non-poor farmers. The
shaded parts represent feasible consumption bundles that satisfy both the budget and subsistence constraints

we have λ2 > 0 and
∂u

∂cj
declines by λ2ϵj > 0. If the marginal utility is positive and di-

minishes, the farmer prioritizes consuming more cj than he/she would choose without the

subsistence constraint. This effect becomes larger as ϵj gets larger. Non-food consumption,

q, has no weight in the subsistence constraint and therefore weakly demanded relative to c

if the constraint is binding.

Functional Form of On-Farm Income

In the following argument, I specify on-farm income If (ω,E) as a linear combination of the

allocated land to crop j:

If (ω,E) =
J∑

j=1

pcj(ω)αj(ω)ej +
∑
k ̸=l

dkl(ω)ekel, (3.2.6)

where pj(ω) and αj(ω) are price and productivity shocks for crop j (j = 1, . . . , J) in ω,

respectively. I further introduce agronomic synergies between crops by adding the second

term
∑

k ̸=l dkl(ω)ekel. The coefficient dkl(ω) ≥ 0 represents a complementary effect between

crops k and l, which depends on state ω. The total amount of land is fixed as E, which

means
∑J

j=1 ej ≤ E.

The on-farm income I(ω,E) is volatile because of the price shock pj(ω) and the pro-

ductivity shock αj(ω). Crop diversification affects the distribution of the on-farm income in

two channels. First, it stabilizes the on-farm income. Even if a shock decreases the revenue

obtained through the production of crop j, farmers can alleviate the damage by planting

another crop l. By allocating land to the production of a wide range of crops (e.g., ej = Ē/J
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Figure 3.2: Graphical representation of trade-off between diversification and specialization. The budget lines
under specialization are depicted by solid lines. The budget lines under diversification are depicted by dotted
lines.

for all j), farmers can reduce the volatility of I(ω,E). Second, crop diversification increases

the on-farm income. In Equation (3.2.6), planting different crops produces complementary

effects (dkl(ω)). For example, intercropping legumes provides soil nutrients for staple crops,

which increases the total production.

Due to the price and productivity shocks, pj(ω) and αj(ω), farmers face a trade-off between

diversification and specialization, which is illustrated in Figure 3.2. The budget lines under

specialization are depicted by solid lines, whereas the budget lines under diversification are

depicted by dotted lines.

As a merit of crop diversification, on-farm income is stable over states. If farmers plant

only high-priced crops and face no shocks, they earn high on-farm income. However, the

on-farm income declines considerably if farmers plant only one crop (e.g., ej = Ē for some

crop j) and a shock hits its price or production. Figure 3.2(a) shows that diversifying crop

portfolios weakens the fluctuation of the on-farm income over states relative to specializing

in certain crops.

However, farmers who diversify crop portfolios may incur an opportunity cost for not

planting profitable crops. This opportunity cost becomes large if a crop price becomes high.

In Figure 3.2(b), crop 1 has a low price relative to crop 2 in ω1. In ω1, farmers who diversify

obtain higher on-farm income (I(ω1, EH)) than those who specialize in crop 1 do (I(ω1, EL)),

because the diversifying farmers allocate less land to crop 1. However, suppose that the price

of crop 1 becomes higher in ω2 due to some external shocks. Then, farmers who specialize in

crop 1 obtain higher income (I(ω2, EL)) than those who diversify do (I(ω2, EH)). Moreover,

the diversifying farmers must pay a higher price when they purchase crop 1. As I will show,

this opportunity cost is serious for poor farmers whose subsistence constraint tends to bind.
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The on-farm income I(ω,E) is restricted by the total land endowment Ē. If farmers own

low amounts of land when they determine the land allocation in the first stage, the potential

amount of I(ω,E), which is realized in the second stage, is limited. Then, the subsistence

constraint tends to be binding in the second stage. Thus, poor farmers with low amounts of

land may utilize the roles of crop diversification to secure at least the subsistence level in any

state. In contrast, non-poor farmers, who own enough amounts of the total land endowments

for survival in the first stage, may utilize crop diversification to stabilize the on-farm income

over states and increase the expected income in the second stage.

3.2.2 Potential Factors Behind Farmers’ Heterogeneous Behaviors

Using the defined setup, I illustrate that three potential factors (subsistence requirement,

balanced dietary intakes, and stabilization of market income) affect decisions on crop diver-

sification differently between poor and non-poor farmers.

In what follows, I assume perfect neoclassical markets to simplify the argument. As a

caveat, three potential factors behind crop diversification are characterized by the subsistence

constraint, and not by the existence of markets or market frictions. Thus, the three factors

still work even in imperfect markets. Appendix 3-I explains that the essence of my argument

on the three factors is the same, regardless of whether markets are perfect or imperfect.

Moreover, this assumption seems relatively reasonable because, as I will show, my dataset

indicates that poor and non-poor farmers have similar participation rates in both input and

output markets, which also motivates us to explain without assuming market frictions (e.g.,

interregional trade costs).

Subsistence Requirement: Poverty Traps

The highest priority of poor farmers is to satisfy the subsistence constraint in any state.1 As

shown in Figure 3.1(a), their feasible consumption bundles are restricted by the subsistence

constraint, and hence susceptible to the fluctuation of on-farm income over states. To preserve

the subsistence-level consumption, poor farmers may prioritize cultivating staple crops with

high calories, which constrains their capabilities of growing multiple crops (poverty traps).

Suppose there are two crops, the primary crop cp with a high-caloric amount and the

secondary crop cs with a low-caloric amount. Let E = (ep, es) be land allocated to each crop,

with the total land E ≡ ep + es fixed. Based on Equation (3.2.6), If (ω,E) becomes

If (ω,E) = pp(ω)αp(ω)ep + ps(ω)αs(ω)es. (3.2.7)

To highlight poverty traps, I omit complementary effects between ep and es for simplicity.

1I implicitly assume that, for some E, there exists a feasible consumption bundle for all ω ∈ Ω.
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Figure 3.3: Graphical representation of poverty traps. The shaded parts represent feasible consumption
bundles that satisfy both the budget and subsistence constraints

Land allocation E is determined in the first stage, and is diversified between ep and es under

high crop diversity EH or specialized under low diversity EL.

Consider two states, the good state ωG and the bad state ωB. In ωG, farmers face no

productivity shock (αj(ω) = 1). Because the primary crop is popularly consumed, it is

assumed to have a lower price than the secondary crop (pp(ω
G) < ps(ω

G)). Under high crop

diversity EH , Figure 3.3(a) illustrates feasible consumption bundles of poor farmers in ωG

(the shaded part), with the indifference curve and the budget and subsistence constraints

depicted together (In is ignored for simplicity). Poor farmers satisfy the subsistence constraint

under the diversified budget constraint If (ω
G, EH).

However, in ωB, an economy-wide productivity shock hits the primary crop and αp(ω)

declines.2 Because the primary crop is a necessity for households, its price elasticity is con-

siderably low in the economy. Therefore, the economy-wide decline in the supply of the

primary crop raises pp(ω) dramatically. Because the budget constraint becomes steeper in

ωB than in ωG, the diversified income If (ω
B, EH) provides no feasible consumption bundle

in Figure 3.3(b). Because endowments are allocated to the secondary crop under crop di-

versification, the primary crop is insufficiently self-produced for satisfying the subsistence

constraint, but has too high a price for poor farmers to purchase. Therefore, allocating en-

dowments to the secondary crop in the first stage involves the risk of violating the subsistence

constraint.

Conversely, if poor farmers allocate most endowments to the primary crop (EL), the high

2Damages specific to certain crops are observed in crop diseases and pests: many plant pathogens parasitize
specific crop species and cannot be transmitted to others (host specificity); food preferences of some pests
are narrow (oligophagy).
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price of the primary crop may raise their income level from If (ω
B, EH) to If (ω

B, EL) even if

the productivity declines, which enables them to have feasible consumption bundles in ωB.

Even if π(ωB;h) is low, poor farmers prioritize producing the primary crop to satisfy the

subsistence constraint in any state, which exemplifies poverty traps in the context of crop

diversification.

Non-poor farmers, who have enough total endowments and non-farm income In, can

satisfy the subsistence constraint in ωB, regardless of endowment allocations. Because non-

poor farmers maximize not the sole utility in ωB but the expected utility in Equation (3.2.1),

they do not prioritize producing the primary crop in endowment allocations if π(ωB;h) is

low.

Subsistence Requirement: Risk Dispersion

Subsistence requirement, in which poverty traps work previously, may conversely induce

poor farmers to adopt crop diversification. Growing multiple crops enables poor farmers to

disperse risks and ensures subsistence-level consumption in a bad state where, without crop

diversification, they would obtain low on-farm income below the subsistence level.

In Equation (3.2.6), suppose that a productivity shock hits some of the crops randomly

in the second stage. Figure 3.4(a) considers again two crops c1 and c2 and the good state

ωG and the bad state ωB. For viewability, I consider a simplified form of If (ω,E) =

p1(ω)α1(ω)e1+ p2(ω)α2(ω)e2 (The essence is the same even if I introduce complementary ef-

fects). In Figure 3.4(a), if poor farmers specialize in planting the crop for c1 (e.g., E
L = (Ē, 0))

and they face no productivity shock in ωG (i.e., α1(ω
G) = 1), they obtain high on-farm in-

come If (ω
G, EL). Consequently, they gain the high utility u by choosing c. However, if a

productivity shock hits the crop for c1 in ωB, poor farmers obtain low income If (ω
B, EL),

which results in no feasible consumption bundle.

In contrast, if poor farmers diversify crop portfolios (e.g., EH = (Ē/2, Ē/2)), they dis-

perse risks over multiple crops and obtain stable on-farm income. Figure 3.4(a) considers

a case where the on-farm income is the same in both states (If (ω
G, EH) = If (ω

B, EH)).

Consequently, feasible consumption bundles exist in both states. To satisfy the subsistence

constraint in any state, poor farmers adopt crop diversification.

In summary, if farmers specialize in specific crops and the shock does not hit these crops,

they obtain high income; they obtain low income if the shock hits these crops. In contrast,

farmers can disperse risks over crops by allocating endowments widely. Whatever crop the

shock hits, farmers can maintain relatively stable income.

Farmers’ behaviors of dispersing risks by crop diversification seem to conflict with spe-

cializing behaviors illustrated in poverty traps. However, both behaviors reflect the same

motivation to preserve subsistence-level consumption in any state. Farmers may or may not
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Figure 3.4: Graphical representation of risk dispersion and balanced dietary intakes. The shaded parts rep-
resent feasible consumption bundles when choosing c (horizontal dotted lines) and c (horizontal and vertical
dotted lines)

diversify crop portfolios, depending on what state they recognize is possible and hence on

their personal experiences h.

Balanced Dietary Intake

Crop diversification contributes to welfare improvements of poor farmers through agronomic

synergies among crops. In Figure 3.4(b), the subsistence constraint is binding for c under

the land allocation with low crop diversity (EL). However, crop diversification (EH) raises

on-farm income from If (ω,E
L) to If (ω,E

H) in ω, because the productivity increases by

complementary effects between crops, dkl(ω)ekel, as shown in Equation (3.2.6). In fact, crop

diversification has been empirically found to increase income, in particular among the poorest

(Asfaw et al. 2018; Asfaw et al. 2019). Consequently, the welfare of poor farmers improves

from the utility u realized in the consumption c to u in c.

There are two channels of welfare improvements from u to u. For an illustrative purpose,

we suppose that farmers’ preferences are homothetic and can be represented by a utility

function homogeneous of degree one. As a property of homothetic preferences, the MRS, or

the slope of an indifference curve, is constant along straight lines from the origin. Thus, the

MRS is the same in c and c̃, where c̃ is placed in the intersection between the budget line of

If (ω,E
H) and the straight dotted line through c from the origin.

In the first channel, welfare improvements arise from u to ũ. Because on-farm income

rises from If (ω,E
L) to If (ω,E

H), farmers’ consumption expands from c to c̃, while main-

taining the proportion of c1 to c2. This improvement is a direct income effect caused by

crop diversification. In the second channel, farmers can further improve welfare by moving
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from c̃ to c. Increased income by crop diversification enlarges a set of feasible consumption

bundles by the triangle △ccc̃, which enables farmers to take an MRS closer to the slope of

the budget line than in c̃. In c̃, farmers continue to prioritize consuming c1 relative to c2, as

in c. Once the subsistence constraint is weakened by the income increase, farmers with the

convex preference prefer more balanced dietary consumption c to c̃.

Importantly, this indirect income effect in the second channel arises only if the subsis-

tence constraint is binding for the consumption before the income increase (c). As shown

in Equation (3.2.5), λ2 equals zero if the subsistence constraint is slack, which generates no

distortion of MRS. Therefore, the desire for balanced dietary intakes works as a motivation

for crop diversification among poor farmers, rather than non-poor farmers.

Stabilization of Market Income

Unlike poor farmers, the subsistence constraint is unlikely to be binding or violated among

non-poor farmers. If the subsistence constraint is slack, λ2 in Equation (3.2.5) equals zero.

Hence, non-food consumption q (and possibly luxury food with zero subsistence weights) are

more important among non-poor farmers.

Suppose that non-poor farmers consume q by using market income obtained from the

difference between produced crops and self-consumed ones (they do not produce q by them-

selves). Then, crop diversification is appealing for non-poor farmers with risk-averse prefer-

ences if it stabilizes market income necessary for consuming q.

Stabilizing market income may also be important for poor farmers, if they sell harvests

to purchase food in markets. However, non-poor farmers depend in their utility more on

consumption unnecessary for preserving the subsistence level. Therefore, non-poor farmers

seem to have stronger incentives to stabilize market income by crop diversification.

Summary

Table 3.1 summarizes how the three potential factors affect decisions on crop diversification

differently between poor and non-poor farmers (“+” and “−” indicate positive and negative

impacts, respectively). Table 3.1 shows that the effects of the three potential factors over-

lap or conflict with each other. Therefore, it is inconclusive in theoretical perspectives how

farmers’ experiences of each shock affect decisions on crop diversification. For example, poor

farmers may perceive drought as a devastating shock for their livelihoods from their experi-

ence, which may induce them to plant drought-tolerant crops for risk dispersion. Conversely,

poor farmers who obtained little income owing to past drought may devote their limited pro-

ductive resources to producing staple crops for survival. Empirical results depend on farmers’

recognition of possible states and future paths of productive resources after shocks.
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Table 3.1: Three Potential Factors Behind Crop Diversification between Poor and Non-Poor Farmers

Subsistence Requirement Balanced Dietary Intake Stabilization of
Market Income

Poverty Risk
Traps Dispersion

Poor Farmers − + +
Non-Poor Farmers +

Note: “+” means a potential factor positively affects farmers’ adoption of crop diversification; “−” means its
negative impact.

3.3 Dataset and Estimation Strategy

3.3.1 Dataset Description

This chapter exploits the Tanzanian National Panel Survey (NPS) of the World Bank’s Living

Standards Measurement Study - Integrated Survey on Agriculture (LSMS-ISA). The NPS

data comprise agricultural and socioeconomic information from nationally representative

households nationwide.

Indicators on Crop Diversification and its Regional and Temporal Standardization

My analysis relies on two indicators of crop diversification: the simple counting of crop

numbers and the Simpson index (SI). For simple counting, I sum the number of planted

crops in farmland for each farmer. For the SI, I calculate the following indicator for each

farmer:

SI = 1−
∑
c

s2c (3.3.1)

where sc is the area share of crop c in total farmland. The SI is large if a farmer plants many

crops evenly on the farmland. Conversely, we have SI = 0, or complete specialization, if only

one crop is planted on the whole land. The SI values the evenness of land shares of planted

crops as diversity (Duelli and Obrist 2003). Whereas the indicator of crop numbers simply

counts all crops equally, the SI becomes low if a certain crop dominates farmland. Appendix 3-

II illustrates how different meanings of “diversity” in the two indicators illuminate farmers’

various motivations for crop diversification.

The definition of the SI has a close relationship with crop diversity in the Conceptual

Framework. In the Conceptual Framework, I represent crop diversity by land allocations to

each crop, as shown in Equation (3.2.6). In Figure 3.4(a), the effects of the risk dispersion in

the subsistence requirement depend on how much farmers can stabilize on-farm income by

allocating land evenly to each crop, as well as by just planting multiple crops. In Figure 3.4(a),

the effects of the balanced dietary intakes depend on the degree in which farmers plant

different crops over the same land. Thus, using the SI as well as crop numbers is helpful in
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terms of the link between the theoretical and empirical parts.

To control for regional and temporal heterogeneity of crop diversity, I further standardize

the two indicators by region and year:

CDijkt − CDjkt

sdjkt
(3.3.2)

where CDijkt is an indicator k of crop diversification for farmer i in region j in year t, and

CDjkt and sdjkt are its average and standard deviation for each region and year, respectively.

I take this regional and temporal standardization because agro-ecological conditions such

as soil fertility, rainfall, and temperature vary widely among regions every year. Because

regional dummies cannot be included in my threshold model owing to computational prob-

lems in estimation, I take the standardization in Equation (3.3.2) to control for regional and

temporal heterogeneity of crop diversity.3

Food Consumption as a Wealth Indicator

This chapter distinguishes poor and non-poor farmers by food consumption levels. As illus-

trated in Section 3.2, food consumption levels directly determine whether the subsistence

constraint is binding or slack.4

Food consumption levels are based on household food consumption aggregates in the

NPS, which are reported as the amount per 28 days in Tanzanian shillings.5 They include

all the monetary values of food consumed by a household: food that was produced by the

household, purchased in markets, eaten outside home, and received as a gift. Using this data,

I calculate food consumption values per adult equivalent for each household.6

Shock Variables

Shock variables comprise six agronomic and market shocks over the past five years before

cultivation: drought/flood, crop disease/pests, large falls in crop prices for sale, large increases

in food prices for purchase, large increases in agricultural input prices, and livestock loss.

Shock variables are dummy variables constructed from the questionnaire that asks, “Over

the past five years, was your household severely affected negatively by any of the following

events?” Thus, shock variables may be subjective in that farmers may list a shock in the

3Michler and Josephson (2017) had the same concern. They used a total crop number grown in each
village and year to eliminate heterogeneity.

4In the robustness check later, asset levels will be used as another wealth indicator.
5Spatial and temporal price differences within each survey wave and across waves are adjusted using

Fisher price indices.
6My food consumption data are based on monetary values to reflect farmers’ affordability to consume

food. Luxury food (e.g., tea) may have small kilograms and calories but large monetary values in markets.
I discuss relations to caloric consumption in Appendix 3-VII.
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questionnaire when they felt a threat to their livelihoods. For example, poor farmers with

vulnerable food securities may easily feel threatened by a rise in food price and tend to list

it as a past shock in the questionnaire. Nevertheless, self-reported shock variables may be

favorable because farmers’ adoption of crop diversification depends on subjective expecta-

tions for future states in my conceptual framework. Moreover, I find no significant difference

for all shock variables between poor and non-poor farmers in the summary statistics later.

The questionnaire also provides information on the timing of shocks. To avoid the reverse

causality that crop diversity prevents agricultural shocks, this chapter sets the reference

period of shock variables as exactly five years before the cultivation, not before the interview.7

Dataset for Analysis

I restrict my dataset to farmers in Tanzania’s mainland and focus on farmers’ activities in

the long rainy season (masika), the main cultivation season from March to May in Tanzania.

I also exclude households that split off from the original households in past waves owing

to marriage or migration, because it is uncertain whether they inherited the unobserved

characteristics of their original households.

There are five longitudinal waves from Wave 1 (2008/09) to Wave 5 (2018/19) available

in the NPS. Of the five waves, this chapter constructs a balanced panel of Wave 2 (2010/11)

and Wave 3 (2012/13). As will be discussed, I use food consumption data in the preceding,

not contemporary, wave. Thus, the first wave is used to obtain preceding data on food con-

sumption. Waves 4 (2014/15) and 5 (2018/19) are difficult to use owing to the discontinuous

structure of the NPS. The NPS refreshed the sampled households in Wave 4. Then, there

are only 314 farmers who had the corresponding data in Waves 2 and 3 under the afore-

mentioned data limitation. Because Hansen’s threshold model used in this chapter requires

a balanced panel, including Waves 4 and 5 would cause large attrition over waves. Moreover,

the information on the timing of shocks is not provided after Wave 4, which makes it difficult

to avoid the reverse causality that crop diversity prevents agricultural shocks.

In Wave 2, there are 1,632 farmers who cultivate crops in the long rainy season, who

reside in the mainland, and who have preceding data on food consumption in Wave 1. Of

these farmers, 1,533 farmers were re-interviewed in Wave 3 (split-off households between

Waves 2 and 3 are excluded), and 1,336 farmers continued to cultivate crops in Wave 3.

By eliminating farmers with missing data, I consequently obtain a balanced panel of 1,332

households in each wave.

7Because the NPS interval between waves is two years, some may recommend the two-years reference
period. Theoretically, time-demeaning treatment in fixed-effects methods just eliminates households’ time-
constant heterogeneity; definitions of variables seem unessential to obtain consistent estimates in fixed-effects
methods. However, even though I restrict the reference period in Wave 3 to two years for robustness, I still
obtain similar findings.
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In the robustness check later, I will tackle the limited sample size of my dataset by allowing

an unbalanced panel of all waves and including split-off households. I will also incorporate

the short rainy season, the secondary cropping season in Tanzania, into my analysis as the

robustness check.

3.3.2 Threshold Regression Model in Non-dynamic Panel

To estimate farmers’ heterogeneous behaviors on crop diversification in panel data, I rely on

Hansen’s (1999) fixed-effects threshold model:

SCDikt =

αik + x′
itβLk + s′itγLk + ϵikt if Ci,t−1 < λk

αik + x′
itβUk + s′itγUk + ϵikt if Ci,t−1 ≥ λk

(3.3.3)

for farmer i in year t. The dependent variable SCDikt is an indicator k of crop diversification,

standardized in each region and year, as in Equation (3.3.2). In the set of covariates, xit is

a column vector of household characteristics; sit is a column vector of dummy variables for

experiencing each of the six agricultural shocks over the past five years before the cultivation

season. The error term ϵikt is independently and identically distributed with mean zero

and finite variance. The individual-specific effects αik are introduced. Because I estimate

Equation (3.3.3) separately by indicator type k, coefficients (βLk, γLk, βUk, γUk), the error

term ϵikt, and the individual-specific effects αik differ by k.

Equation (3.3.3) splits all farmers into two groups by comparing the magnitudes between

the threshold variable Ci,t−1 and the threshold parameter λk (λk differs between the two

indicators). The variable Ci,t−1 is the level of farmers’ food consumption in the preceding

wave, and λk is the unobserved breakpoint behind the regime shift. If Ci,t−1 < λk, farmer i

belongs to the lower regime with coefficients βLk and γLk. If Ci,t−1 ≥ λk, farmer i belongs

to the upper regime with βUk and γUk. This chapter aims to estimate the threshold λk and

investigate the difference in γLk and γUk for each indicator k.

The regime structure of threshold models may fit my conceptual framework. In food

consumption levels below the threshold, the subsistence constraint affects farmers’ behav-

iors. Once farmers consume food above the threshold, the constraint has no effect, however

high the food consumption levels become. In threshold models, coefficients remain constant

unless the regime switches. This regime structure is not captured in interaction terms be-

tween shock variables and the continuous food consumption variable. If interaction terms

are used, food consumption levels must continue to change farmers’ behaviors uniformly over

all consumption ranges (even above the threshold).8

8If I use interaction terms, most targeted coefficients are insignificant, though their signs coincide with
those in the threshold model.

32



Furthermore, the regime structure of threshold models is in line with previous studies.

Makate et al. (2022) analyzed farmers’ heterogeneous behaviors by adding interaction terms

between shock variables and two dummy (not continuous) variables representing poverty.

The two dummy variables are equal to one if farmers’ asset levels and farm size fall in the

bottom 40% of the sample distribution, respectively. In contrast, Makate et al. (2023) split

samples into three quantile subgroups (low, medium, high) using the same wealth data and

conducted estimation for each group. These studies also adopted the regime structure for

estimation, although “thresholds” were specified in advance by these studies.

Fixed-effects Estimation of Coefficients

Equation (3.3.3) can be rewritten as a single equation:

SCDikt = αik + I(Ci,t−1 < λk)(x
′
itβLk + s′itγLk) + I(Ci,t−1 ≥ λk)(x

′
itβUk + s′itγUk) + ϵikt

= αik +Xitβk + ϵikt, (3.3.4)

where βk = [β′
Lk, γ

′
Lk, β

′
Uk, γ

′
Uk]

′ and Xit = [I(Ci,t−1 < λk)(x
′
it, s

′
it), I(Ci,t−1 ≥ λk)(x

′
it, s

′
it)]

with the indicator function I(·). If the threshold λk is known, the estimator for βk is obtained

as the fixed-effects estimator by subtracting each SCDikt and Xit by the time-averaged

values and conducting the ordinary least squares in the time-demeaned data. I choose the

estimated threshold for λk from the actual data of Ci,t−1 so that it minimizes the sum of

squared residuals (SSR) in the time-demeaned form of Equation (3.3.4).9

Reverse Causality Between Food Consumption and Crop Diversification

In Equation (3.3.4), Xit contains food consumption data inside the indicator function I(·).
Because the food consumption data is constructed from the information over the week prior

to the interview, the timing of Cit chronologically follows the cultivation season in each wave.

If I used Cit as the threshold variable, the estimated coefficients would reflect positive causal

impacts of crop diversification on current food consumption.

To avoid the reverse causality, I use the past food consumption Ci,t−1 as the thresh-

old variable. Although recent literature on threshold models has addressed the endogeneity

of threshold variables (e.g., cross-sectional models by Kourtellos et al. (2016) and Yu and

Phillips (2018); dynamic panel models by Seo and Shin (2016) and Gørgens and Würtz

(2019)), there is limited accumulation in static panel models. Because using a lagged thresh-

old variable is common in empirical corporate finance (Seo and Shin 2016), I follow this

practice.

9I avoid choosing extreme values of threshold parameters by eliminating the smallest and largest few
percents of food consumption data as candidates. To avoid arbitrariness, the excluded percents are set as
two percents in crop numbers and one percent in the SI throughout this chapter.
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In the conceptual framework, poor farmers who own low amounts of the total endowment

Ē in the first stage must determine the land allocation carefully because the subsistence

constraint tends to bind when the production is realized in the second stage. Although the

food consumption level in the first stage is not incorporated in the model, the total amount

of endowments, which farmers can allocate to the production in the second stage, is closely

linked to farmers’ economic levels in the first stage, which justifies the use of past food

consumption levels as a threshold variable.

Linearity Test of Regime Shift

The existence of a regime shift is tested for each indicator k. The null hypothesis is H0 :

(βLk, γLk) = (βUk, γUk), which supports a linear model without the regime shift, whereas

the alternative hypothesis is H1 : (βLk, γLk) ̸= (βUk, γUk), which supports a threshold model

with a regime shift. In this linearity test, the F-statistic follows a nonstandard asymptotic

distribution. Thus, its test relies on bootstrapping procedures (Hansen 1996).

Covariates for Household Characteristics

Household characteristics xit in Equation (3.3.3) include age, gender, and years of education

of the household head. Adult equivalents are also included as a household-size indicator. I

also add the total acres of owned land as farmers’ agricultural production scales.

Easy access to markets enables farmers to purchase seeds and seedlings. Thus, I add to xit

the distance from each household to the nearest agricultural market. I also add the distance to

the district headquarter because opportunities for non-farm activities may affect farmers’ on-

farm strategies. Cooperatives may provide access to agricultural inputs. Moreover, saving and

credit cooperatives (SACCO) may alleviate credit constraints on agricultural investments.

Thus, I introduce two dummy variables that equal one if a farmer belongs to a cooperative

and a SACCO, respectively. Finally, I add the average rainfall in the long rainy season over

the past five years in each district because farmers choose crops that are environmentally

adaptable to the expected level of rainfall.

3.3.3 Descriptive Statistics

Estimated Thresholds for Each Indicator of Crop Diversification

Table 3.2 shows estimated thresholds for each indicator of crop diversification and the num-

bers and proportions of households with per capita food consumption below and above the

threshold in each wave. Both estimated thresholds are around 200,000 in Tanzanian shillings.

The proportions of farmers below each threshold (lower regime) are roughly 15%.
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Table 3.2: Estimated Threshold Parameter and Number and Proportion of Households in Lower and
Upper Regimes in Each Wave (food consumption levels per adult equivalent per 28 days in Tanzanian
shillings)

Wave 2 (2010/11) Wave 3 (2012/13)

Estimated Lower Upper Lower Upper
Type of Indicator Threshold Regime Regime Regime Regime

Simple Count of Crop Number 206,276 211 (0.16) 1,121 (0.84) 186 (0.14) 1,146 (0.86)
Simpson Index 204,938 209 (0.16) 1,123 (0.84) 185 (0.14) 1,147 (0.84)

Note: There are 1,332 households in each wave. The proportion of households to the total is in parenthesis.

Figure 3.5 shows the sample distribution of food consumption per adult equivalent below

the 99th percentile. The two thresholds are shown in the red solid line for crop numbers

and the blue dotted line for the SI. As will be discussed later, farmers below the estimated

thresholds suffer from poor energy intakes. Around 80% of them consume calories below

2,300 kcal, a poverty line set by Dercon et al. (2009). The estimated thresholds seem to

reflect subsistence requirement.

Crop Diversity in Farmland in the Two Regimes

To compare crop diversity between the two regimes, I classify all crops into five broad types:

staples, sorghum/tubers/roots, legumes/oil, fruits/vegetables, and cash crops. Appendix 3-

III enumerates all crop items included in each type. Figure 3.6 illustrates the proportion of

farmers planting each crop type on the left-hand side, and the average land shares of each

crop type on the right-hand side. Farmers are separated into two regimes by the threshold

for crop numbers on the left and for the SI on the right.10

Surprisingly, farmers’ crop diversity seems quite similar in both regimes and does not

change by the food consumption level itself. In Figure 3.6, most farmers plant crops and

allocate large land shares to staples, which comprise main foods such as maize and rice. This

is followed by legumes/oil (a variety of beans) and sorghum/tubers/roots (e.g., millet and

potatoes). High-value crops of fruits/vegetables and cash crops (e.g., cotton and tobacco) are

limited in planting proportions and land shares, although lower-regime farmers have slightly

higher proportions and land shares of cash crops than upper-regime farmers.

Summary Statistics

Table 3.3 displays mean values of variables in each regime; farmers are divided by the thresh-

old for crop numbers in the left-hand side and by the threshold for the SI in the right-hand
10As a way of crop diversification, it is uncertain whether farmers plant different crops within one agricul-

tural plot or plant different crops over multiple plots, with only one crop planted in each plot. I examine the
number of planted crops in each plot by constructing the plot-level dataset corresponding to the household-
level dataset in this chapter. Then, only one crop is planted in 15.3% of the plot-level dataset; farmers plant
more than one crop in the rest of the plots. Thus, it seems prevalent that farmers plant different crops within
one agricultural plot.
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Figure 3.5: Sample Distribution of Food Consumption Per Adult Equivalent Per 28 Days (Tsh) below the 99
Percentile with Each Threshold for Crop Numbers (Red Solid Line) and the Simpson Index (Blue Dotted-
Line)

36



Figure 3.6: Crop Diversity of Farmers in the Lower and Upper Regimes

side. Mean differences are tested between the two regimes via t-tests in each side.

In Table 3.3, the two indicators of crop diversification, which are not standardized in

region and year, are close in value between the two regimes. Similar crop diversity in the

two regimes is consistent with that in Figure 3.6. Obviously, lower-regime farmers consume

less in the preceding wave than upper-regime farmers. Household heads are more educated

and have smaller adult equivalents in the upper regime than in the lower regime. I find no

significant difference in acres of owned land, the distance to agricultural markets and district

headquarters, and the belonging to cooperatives between the two regimes. Upper-regime

farmers are more likely to belong to a SACCO.

Upper-regime farmers reside in environmentally advantaged areas with high rainfall, com-

pared with lower-regime farmers. I find no significant difference in all shock variables between

the two regimes and no evidence of subjective biases on shock variables. To check the bias as-

sociated with farmers’ self-reporting, I also conduct the fixed-effects regression of each shock

variable on a dummy variable that are equal to one if farmers belong to the lower regime.

Although the results are not reported here, I still find no significant association between all

shock experiences and the regime shift.
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Table 3.3: Summary Statistics for Farmers in the Lower and Upper Regimes Divided by the Thresholds for Each
Indicator of Crop Diversification

Crop Number Simpson Index

Lower Upper Lower Upper
Mean Values of Variables Regime Regime Regime Regime

Indicators of crop diversification:
Simple counting of crop numbers 2.40 2.34 2.40 2.34
Simpson Index 0.39 0.39 0.40 0.39
Threshold variable:
Food consumption per HH member in preceding wave 159,717∗∗∗ 467,488 159,370∗∗∗ 467,142
Household characteristics:
Age of household head 51.47 50.18 51.49 50.18
Male-headed household (dummy) 0.77 0.78 0.77 0.78
Years of education of household head 4.01∗∗∗ 4.80 4.02∗∗∗ 4.80
Adult equivalents 5.43∗∗∗ 4.50 5.43∗∗∗ 4.50
Acres of owned land 6.38 7.68 6.40 7.68
Distance to nearest agricultural market (km) 81.55 78.67 81.65 78.66
Distance to district headquarter (km) 101.21 102.77 101.43 102.73
Belongs to cooperative (dummy) 0.13 0.13 0.13 0.13
Belongs to SACCO (dummy) 0.04∗∗ 0.07 0.04∗∗ 0.07
Regional characteristics:
Avg. masika-rainfall over past five years (mm) 356.84∗∗∗ 387.84 357.12∗∗∗ 387.75
Agricultural shocks over past five years:
Experienced drought/flood (dummy) 0.23 0.22 0.23 0.22
Experienced crop disease/pests (dummy) 0.12 0.14 0.12 0.14
Experienced large fall in sale prices for crops (dummy) 0.12 0.14 0.12 0.14
Experienced large rise in price of food (dummy) 0.26 0.24 0.26 0.24
Experienced large rise in agricultural input prices (dummy) 0.14 0.14 0.14 0.14
Experienced livestock death or theft (dummy) 0.10 0.08 0.09 0.08

Observations 397 2,267 394 2,270

Note: Mean differences are tested between two regimes by year at significance levels of ∗ p<0.1, ∗∗ p<0.05,
∗∗∗ p<0.01.
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3.4 Results

Table 3.4 displays the results of the Hansen’s fixed-effects threshold model and the tradi-

tional fixed-effects (FE) model without a threshold, where standardized indicators of crop

diversification, crop number and the SI, are regressed on household characteristics and past

agricultural shocks. Standard errors are clustered at the household level. Because the two

indicators are standardized, a one unit increase of a covariate changes an indicator of crop

diversification by β̂k times its standard deviation (SD) for each region and year, sdjkt in

Equation (3.3.2). As indicated as “log” in parenthesis in Table 3.4, some covariates with

large values are transformed into logarithmic form. To conserve space, Appendix 3-IV sees

the estimated effects of household and regional characteristics on crop diversification in Ta-

ble 3.4.

The results of the linearity test using bootstrapping with 500 repetitions (the F-statistics

and their p-values) are shown in Columns (1) and (4) at the end of the table. The linearity

tests significantly support the threshold model for both crop numbers and SI, which implies

that the regime shift in the threshold of food consumption fits the reality where the data

were observed.

Crop Number

Column (1) of Table 3.4 indicates that lower-regime farmers who experienced drought/flood

significantly increase crop numbers. For simplicity, I consider the SD of crop numbers among

lower-regime farmers in the entire dataset (not in each region and year). Because it is 1.18,

experiencing drought/flood induces lower-regime farmers to increase crop number by 0.33

(= 0.28× 1.18) on “average.” As Table 3.1 suggests, lower-regime farmers who experienced

drought/flood may perceive it as a devastating shock for their livelihoods and introduce

climatically resistant crops to disperse risks so that they can preserve subsistence levels in

case the shock occurs again.

This finding is contrary to Makate et al. (2022) and Makate et al. (2023), who found

that the rainfall shortage one year before the growing season discouraged crop diversifica-

tion among poor farmers in Ethiopia and encouraged it among wealthy farmers in Tanzania

and Malawi. Because my shock variables consider the five-years interval before the growing

season, these opposite results may be explained by the different reference periods of shock

variables. In fact, Makate’s studies showed that the statistical significance disappeared in

two-years lagged rainfall shortage (Makate et al. 2022), and that crop diversity was posi-

tively associated with the long term rainfall variability (1980-2018) even among poor farmers

(Makate et al. 2023). Drought may reduce crop diversity among poor farmers in the short

run, but may increase it in the long run.
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Table 3.4: Estimates of Indicator of Crop Diversification on Household Characteristics and Past Experiences of
Agricultural Shocks

Crop Number Simpson Index

Threshold Model FE Threshold Model FE

(1) (2) (3) (4) (5) (6)
Explanatory Variable Lower

Regime
Upper
Regime

All
Sample

Lower
Regime

Upper
Regime

All
Sample

Household and regional characteristics:
Age of household head -0.04∗

(0.02)
-0.04
(0.02)

-0.04
(0.02)

-0.04
(0.02)

-0.03
(0.02)

-0.03
(0.02)

Years of education of household
head

0.09∗∗∗

(0.03)
0.02
(0.02)

0.03
(0.02)

0.08∗∗∗

(0.03)
0.03
(0.02)

0.04∗

(0.02)
Adult equivalents -0.07∗∗

(0.04)
-0.05∗

(0.03)
-0.05∗

(0.03)
-0.07∗∗

(0.03)
-0.04∗

(0.02)
-0.04∗

(0.02)
Acres of owned land 0.00

(0.01)
-0.00
(0.00)

-0.00
(0.00)

0.02∗

(0.01)
-0.00
(0.00)

-0.00
(0.00)

Distance to nearest agricultural
market (km) (log)

0.14
(0.19)

0.30∗

(0.17)
0.31∗

(0.16)
-0.13
(0.21)

0.05
(0.19)

0.07
(0.19)

Distance to district headquar-
ter (km) (log)

0.03
(0.07)

0.01
(0.03)

0.01
(0.02)

0.02
(0.06)

0.01
(0.03)

0.01
(0.03)

Belongs to cooperative
(dummy)

0.07
(0.18)

0.15∗∗

(0.08)
0.13∗

(0.07)
0.06
(0.18)

0.11
(0.08)

0.10
(0.07)

Belongs to SACCO (dummy) 0.46
(0.42)

0.18∗

(0.11)
0.21∗

(0.12)
0.12
(0.34)

0.13
(0.11)

0.11
(0.11)

Avg. masika-rainfall over past
five years (mm) (log)

1.20∗∗∗

(0.46)
1.09∗∗

(0.46)
1.11∗∗

(0.46)
1.03∗

(0.56)
0.96∗

(0.56)
0.92∗

(0.55)
In Wave 3 (2012/13) (dummy) 0.44∗∗∗

(0.16)
0.03
(0.08)

0.09
(0.07)

0.46∗∗∗

(0.16)
0.02
(0.08)

0.08
(0.08)

Agricultural shocks over past five years:
Experienced drought/flood
(dummy)

0.28∗

(0.15)
0.02
(0.07)

0.06
(0.07)

0.38∗∗∗

(0.15)
-0.00
(0.07)

0.06
(0.06)

Experienced crop disease/pests
(dummy)

-0.21
(0.17)

0.10
(0.08)

0.07
(0.07)

-0.20
(0.18)

0.07
(0.08)

0.05
(0.07)

Experienced large fall in sale
prices for crops (dummy)

-0.06
(0.14)

0.13∗

(0.08)
0.10
(0.07)

0.05
(0.17)

0.04
(0.08)

0.04
(0.07)

Experienced large rise in price
of food (dummy)

0.25∗

(0.14)
0.06
(0.06)

0.10∗

(0.05)
0.37∗∗

(0.16)
0.03
(0.06)

0.08
(0.06)

Experienced large rise in agri-
cultural input prices (dummy)

-0.04
(0.15)

0.20∗∗

(0.08)
0.19∗∗∗

(0.07)
-0.17
(0.16)

0.09
(0.07)

0.08
(0.07)

Experienced livestock death or
theft (dummy)

-0.17
(0.21)

0.07
(0.10)

0.04
(0.09)

-0.35∗

(0.20)
0.04
(0.09)

-0.01
(0.09)

Linearity test
F statistic (p-value in parenthe-
sis)

76.71∗

(0.07)
76.29∗

(0.08)

Note: Sample size: N = 2, 664. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01. Standard errors in parenthesis
are clustered at the household level.
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Column (1) also indicates that experiencing a large rise in food price significantly induces

lower-regime farmers to increase crop numbers by 0.30 (= 0.25×1.18) on “average.” The rise

in food prices may easily threaten the vulnerable food security of lower-regime farmers. As

Table 3.1 suggests, lower-regime farmers may grow multiple crops for their self-consumption

to disperse market risks and to secure balanced dietary intakes.

In Column (2), upper-regime farmers who experienced a large price fall in output markets

and a large price rise in input markets significantly increase crop numbers. Because the

SD is 1.16 in the whole upper-regime farmers, the increased crop numbers are 0.15 (=

0.13× 1.16) and 0.23 (= 0.20× 1.16) on “average,” respectively. Because these two market

shocks are closely related to market income, upper-regime farmers may have strong incentives

to stabilize market income by crop diversification, as Table 3.1 suggests. Coromaldi et al.

(2015) and Asfaw et al. (2018) also found that shocks of output and input prices promote

crop diversification, though households are not separated by wealth levels.

In the traditional FE estimation of Column (3), I find significantly positive coefficients

for rises in food and input prices, as in Columns (1) and (2). However, I find no statistical

significance for drought/flood and a fall in crop price. Thus, the FE estimation may pro-

vide intermediate results between the two regimes and conceal different behaviors on crop

diversification between poor and non-poor farmers.

Simpson Index

Column (4) shows that lower-regime farmers who experienced drought/flood and a large

rise in food price significantly increase the SI, as in Column (1). Because the SD of the

SI among all lower-regime farmers is 0.26, experiencing either shock induces lower-regime

farmers to increase the SI by 0.10 (= 0.38/0.37 × 0.26) on “average.” In Column (5), the

coefficients of experiencing a fall in crop price and an increase in input price are insignificant

in upper-regime farmers, although they are positive.

The key finding in the SI’s analysis is past livestock loss significantly decreases the SI

among lower-regime farmers by 0.09 (= 0.35 × 0.26) “on average.” Negative impacts of

livestock loss were also found in Makate et al. (2022) (though not examined separately by

wealth levels). The loss of livestock as productive assets may damage the capability for lower-

regime farmers to plow land or plant new seeds. However, they may not afford to repurchase

it, which may force lower-regime farmers to allocate limited agricultural resources to growing

staple crops, as Table 3.1 suggests.

In the FE estimation in Column (6), I find no statistical significance for all shock variables.

Because the FE estimation is based on the entire dataset without sample division, it may

ignore the minority of lower-regime farmers (see Table 3.2).
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3.5 Discussion

3.5.1 Crop-Specific Analysis

This section examines what crop farmers decide to cultivate in response to each agricultural

shock. In the previous results, index-based measurements of crop diversification, crop num-

bers and the SI, consider all crops uniformly, regardless of the differences in agronomic traits

of each crop (Maggio and Sitko 2021).

This section classifies all crops into five crop types in terms of crop-specific charac-

teristics, as in Figure 3.6: staples as main foods and dietary sources of carbohydrates,

sorghum/roots/tubers as low-valued but drought-resistant crops, legumes as dietary sources

of protein and nitrogenous suppliers to the soil, vegetables/fruits as dietary sources of min-

erals and vitamins, and cash crops as income sources. In Appendix 3-V, the two indicators of

crop diversification are reconstructed using the five crop types. The results in Appendix 3-V

are similar to the main results, suggesting that crop diversification mainly arises between

different crop types.

Based on the five crop types, I consider five categories of farmers, according to their

cropping in farmland. The first category is farmers who cultivate only staple crops in their

farmland. As Figure 3.6 shows, planting staples is highly common among farmers. In this

category, farmers specialize in the production of staple crops. The other four categories

are farmers who cultivate not only staples but also each one of the other four crop types

(sorghum/roots/tubers, legumes/oil, vegetables/fruits, and cash crops). Farmers in these

four categories may diversify crop portfolios to utilize crop-specific characteristics of each

crop type. This categorization of farmers is analogous to Maggio and Sitko (2021), who

set maize mono-cropping as the reference cropping system and investigated how Malawian

and Zambian farmers deviate from the maize mono-cropping to intercropping with legumes,

non-maize staples, and cash crops.

Using the Hansen’s fixed-effects threshold model, I estimate in Table 3.5 the probability

that farmers fall into each category. Household and regional characteristics are included in

the analysis but omitted from the table. All estimated threshold parameters are relatively

close to those in my main analysis (around 200,000 in Table 3.2). Thus, Table 3.5 seems

helpful to interpret my main results, though F-statistics are insignificant in three crop types.

Table 3.5 provides three findings related to my main results in Table 3.4. First, farmers’

specialization in the production of staple crops in Columns (1)-(2) contrasts with results in

Table 3.4. I find significantly negative coefficients for a rise in food price in Column (1) and

for a rise in input price in Column (2). Crop diversification may proceed as deviations from

the mono-cropping of staple crops, if lower-regime farmers recognize risks of food insecurities

and if upper-regime farmers recognize risks of market shocks. Conversely, I find a significantly
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positive coefficient for livestock loss in Column (1). The loss of productive abilities induces

lower-regime farmers to specialize in the production of staple crops, which may discourage

crop diversification. This contrasts with negative coefficients for livestock loss among lower-

regime farmers in Columns (3), (5), and (7).

Second, lower-regime farmers cultivate sorghum/roots/tubers and legumes/oil to reduce

damages by agronomic shocks. As Columns (3) and (5) indicate, lower-regime farmers in-

crease the probability of planting staples plus sorghum/roots/tubers or legumes/oil if they

experienced drought/flood. Moreover, Column (3) shows that lower-regime farmers are also

more likely to plant sorghum/roots/tubers in response to crop diseases/pest outbreaks.

Lower-regime farmers may plant sorghum/roots/tubers and legumes/oil to build farming

systems robust to agronomic shocks, which coincides with Maggio and Sitko (2021), who ob-

served that exposure to drought encourages Malawian farmers to adopt a diversified cropping

system containing sorghum/roots/tubers and legumes.

Third, farmers may rely on cropping legumes/oil to address market shocks. The prob-

ability of planting staples plus legumes/oil increases significantly if lower-regime farmers

experienced rises in food prices in Column (5) and if upper-regime farmers experienced falls

in crop prices in Column (6). The coefficient for rises in input prices is also positive in Column

(6), though it is insignificant. Legumes/oil may be used to secure dietary intakes of protein,

to alleviate income volatility caused by movements of sales price for staples, and to comple-

ment soil nutrients necessary for the growth of staple crops. Figure 3.6 indicates that more

than half of the farmers cultivate legumes/oil in both regimes and that legumes/oil is the

second most common crop type following staples. Because legume/oil is also used to address

drought/flood, these observations suggest that legumes/oil may be a main driver for crop

diversification. This claim seems consistent with the fact that staple-legume intercropping

has been common historically (Morgan et al. 2019).

For other results in Table 3.5, see Appendix 3-VI.

Three Potential Factors Behind the Regime Shift

I discuss how the three potential factors behind the regime shift (subsistence requirement,

balanced dietary intake, and stabilization of market income) work for crop diversification.

Using the estimated threshold parameter for crop numbers in Table 3.2, I split the dataset

into lower-regime and upper-regime farmers.11 For each farmer group, I provide descriptive

statistics associated with the three potential factors. Though these descriptive statistics

provide no causality, they may benefit interpretations of the previous results in terms of the

three potential factors.

11Because the estimated threshold parameters are quite similar between crop numbers and the SI, as shown
in Table 3.2, a choice of estimated threshold parameters is unproblematic.
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Subsistence Requirement

To discuss sources of subsistence requirement, I calculate daily calories from kilograms of

each consumed food in a household by relying on Lukmanji et al. (2008). Dercon et al.

(2009) and Michler and Josephson (2017) set a food poverty line of 2,300 kcal per adult per

day.12 Thus, examining the proportion of farmers below this poverty line in each regime is

helpful for discussing whether the estimated thresholds in Table 3.4 divide the dataset by

subsistence requirement.

The left-hand side of Figure 3.7 presents the proportion of farmers whose daily food

consumption per adult equivalent is less than 2,300 kcal.13 Around 80% of lower-regime

farmers consume less than 2,300 kcal, whereas around 20% of upper-regime farmers consume

less. Because there are some farmers below the poverty line in the upper regime, the estimated

thresholds in Table 3.4 may not be perfectly identical with the poverty line. Nevertheless,

the poor energy intakes of lower-regime farmers seem to fit the interpretation of subsistence

requirement.

As was shown previously in Tables 3.4 and 3.5, livestock loss is associated with less crop

diversification and more specialization in the production of staple crops. The right-hand side

of Figure 3.7 depicts the proportions of lower-/upper-regime farmers owning, borrowing,

or renting oxen as farm implements, separately by the experience of livestock loss. Out of

farmers who experienced no livestock loss, around 20% utilized oxen in their production

in both regimes. In contrast, out of farmers who experienced livestock loss, more than 40%

utilized oxen in the lower regime, higher than in the upper regime by as many as 17%. Lower-

regime farmers who experienced livestock loss depend more on livestock in their production

than upper-regime farmers do. Owing to the higher dependence on livestock, lower-regime

farmers may be more damaged by its loss than upper-regime farmers. Because staple crops

are planted as crucial sources of calories (Rivera-Padilla 2020), lower-regime farmers with

limited calorie intakes may prioritize the production of staple crops, if their productive

abilities are restricted owing to livestock loss (As will be shown later, the productive ability

of upper-regime farmers may rely on hiring labor, rather than using livestock).

In Table 3.6, I estimate effects of each shock experience on the probability for farmers to

12The World Bank also uses a similar value of the minimum nutritional requirements (2,200 kcal per
adult per day) (https://www.nbs.go.tz/nbs/takwimu/hbs/Tanzania_Mainland_Poverty_Assessment_
Report.pdf)

13In Figure 3.7, food consumption data in calories are divided by adult equivalents, not by the number
of household members. Thus, the estimated calories of consumed food in Figure 3.7 are larger than those
in many previous studies. Ecker and Qaim (2011) calculated the average calories of Malawian farmers as
2,171 kcal. My estimated average calories of all farmers, including both regimes, are 3,830. However, even
if I divide daily food consumption by the number of household members, the estimated average calories are
3,100, which far exceeds the level of Ecker and Qaim (2011). My estimation of calories may experience large
measurement errors and only show a rough comparison of consumed calories in the two regimes.
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Figure 3.7: The Levels of Farmers’ Food Consumption and Usage of Oxen as Farm Implements

rent-in land and acres of planted land during the long rainy season, because farmers who are

damaged by past shock events may have difficulty in renting in land and cultivating land. In

Table 3.6, I separate the sample into the two regimes by using the threshold in crop numbers

and conduct the FE regression separately in each regime, using the same covariates as the

main analysis.

In Column (1), all coefficients for shock variables are negative in the lower regime, except

for drought/flood. Thus, past shock events might make it more difficult for poor farmers

to rent in land. However, because they are insignificant, I find no clear evidence that poor

farmers are less likely to rent in land after shocks. In Column (2), upper-regime farmers are

less likely to rent in land when they experienced a rise in food price. Non-poor farmers who

faced a rise in food price may have incurred more expenses for food and quitted renting in

land to save cash.

In Column (3), lower-regime farmers cultivate less land when they experienced crop dis-

eases/pest outbreaks. Crop diseases/pest outbreaks may directly decrease the amount of

harvested seeds for the next production, which may lower the acre of cultivated land after

the shock occurred. In contrast, lower-regime farmers cultivate more land when they experi-

enced a fall in crop prices. Poor farmers who experienced a fall in crop prices for sales may

decide to expand the cultivated land for self-consumption, rather than rely on sales activi-

ties. Therefore, negative impacts of shocks on poor farmers’ capability to cultivate land may
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Table 3.6: FE Estimates of the Effects of Shocks on the Probability of Renting-in
Land and Acres of Planted Land during the Long Rainy Season

Probability to rent-in Acres of planted land

(1) (2) (3) (4)
Explanatory Variable Lower

Regime
Upper
Regime

Lower
Regime

Upper
Regime

Shock variables:
Experienced drought/flood
(dummy)

0.04
(0.04)

0.01
(0.02)

0.23
(0.50)

-0.54
(0.44)

Experienced crop dis-
ease/pests (dummy)

-0.03
(0.03)

0.00
(0.02)

-1.41∗∗

(0.66)
-0.57
(0.36)

Experienced large fall in sale
prices for crops (dummy)

-0.02
(0.02)

-0.03
(0.02)

1.79∗

(0.92)
-0.08
(0.34)

Experienced large rise in price
of food (dummy)

-0.00
(0.01)

-0.03∗

(0.02)
0.30
(0.53)

-0.02
(0.31)

Experienced large rise in agri-
cultural input prices (dummy)

-0.03
(0.03)

0.01
(0.02)

0.43
(1.15)

0.11
(0.27)

Experienced livestock death
or theft (dummy)

-0.10
(0.09)

0.00
(0.02)

0.47
(0.76)

0.13
(0.31)

Note: Sample size: N = 397 in the lower regime and N = 2, 267 in the upper regime.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01. Standard errors in parenthesis
are clustered at the household level. Covariates unrelated to shock variables are
omitted from the table.

depend on the type of shocks. If shocks damage agricultural resources poor farmers own for

production, they may have long-standing negative impacts on the acre of cultivated land

thereafter. In Column (4), I find no statistical significance.

To consider a risk-reducing role of crop diversification, I examine whether crop diversifica-

tion enhances farmers’ crop income and reduces their volatility. In my conceptual framework,

poor farmers are motivated to adopt crop diversification to prevent heavy damages in a bad

state (risk dispersion in subsistence requirements). For estimation, I follow a two-step pro-

cedure in Di Falco and Chavas (2009). In the first step, I estimate the impacts of crop

diversification on gross values of farmers’ harvested crops. Gross values of harvested crops

were reported by farmers in Tanzanian shillings, regardless of whether these crops were sold

or not. These values are transformed in logarithm in the regression. In the second step, I take

the residuals in the previous regression and regress its square on crop diversity to estimate

the impacts on the volatility of crop income. Both the two estimations are conducted by

fixed-effects (FE) regressions.

Table 3.7 shows results of the two-steps FE estimations.14 The indicators of crop diver-

sification are based on crop numbers and the SI in my main analysis and standardized in

each region and year. The two indicators are not included together in covariates. Rather, I

estimate the respective impact of increasing crop numbers and the SI, by separately adding

the two indicators to covariates. The set of covariates are the same as my main analysis. In

14I exclude a few missing values of harvested crops in the regressions.
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Table 3.7: Estimates of the Effects of Crop Diversification on the Natural Log of
Gross Values of Harvested Crops and its Volatility

Simple Counting Simpson Index

(1) (2) (3) (4)
Explanatory Variable Crop

Income
Income
Volatility

Crop
Income

Income
Volatility

Indicators of crop diversification:
Crop numbers standardized in
each region and year

0.42∗∗∗

(0.03)
-0.36∗∗∗

(0.12)
Simpson index standardized in
each region and year

0.42∗∗∗

(0.03)
-0.33∗∗∗

(0.11)

Note: Sample size: N = 2, 597. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01.
Standard errors in parenthesis are clustered at the household level. Covariates
unrelated to indicators of crop diversification are omitted from the table.

Columns (1) and (3), both indicators of crop diversification are positively associated with

gross values of harvested crops, whereas both indicators are negatively associated with the

volatility in gross values of harvested crops in Columns (2) and (4), which is consistent with

risk-reducing roles of crop diversification.

Using the thresholds in Table 3.2, I further divide farmers into lower and upper regimes

and conduct the two-steps regressions separately in each regime in Table 3.8. In Columns

(1), (3), (5), and (7), both indicators of crop diversification are positively associated with

crop income. Farmers in the lower regime earns more crop income by crop diversification

than farmers in the upper regime. In Columns (2), (4), (6), and (8), both indicators of crop

diversification are negatively associated with the volatility of crop income. Moreover, the

reduction in the volatility of crop income in the lower regime considerably outweighs that in

the upper regime. These results require caution because I do not control for endogeneity of

crop diversification. Nevertheless, these findings suggest that crop diversification contributes

to the risk reduction among whole farmers and prevents devastating damages among poor

farmers (risk dispersion in subsistence requirements).

Balanced Dietary Intake

To assess balanced dietary intake as a potential factor for the regime shift, I calculate the

Household Dietary Diversity Score (HDDS) (Swindale and Bilinsky 2006). The HDDS catego-

rizes food items into 12 food groups: cereals, root/tubers, vegetables, fruits, meat/poultry/offal,

eggs, fish/seafood, pulses/legumes/nuts, milk and milk products, oil/fats, sugar/honey, and

miscellaneous. The HDDS then counts the number of food groups from which any food item

is consumed by a household.

The left-hand side of Figure 3.8 displays the average HDDS of the preceding wave for each

regime.15 In the range from 0 to 12 in the HDDS, upper-regime farmers consume two more

15Figure 3.8 displays the HDDS in the preceding, not contemporary, wave to ascertain whether the desire
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Table 3.8: Estimates of the Effects of Crop Diversification on the Natural Log of Gross Values of Harvested Crops and its
Volatility in Lower and Upper Regimes

Simple Counting Simpson Index

Lower Regime Upper Regime Lower Regime Upper Regime

(1) (2) (3) (4) (5) (6) (7) (8)
Explanatory Variable Crop

Income
Income
Volatility

Crop
Income

Income
Volatility

Crop
Income

Income
Volatility

Crop
Income

Income
Volatility

Indicators of crop diversification:
Crop numbers standardized
in each region and year

0.55∗∗∗

(0.13)
-2.03∗∗∗

(0.68)
0.43∗∗∗

(0.04)
-0.29∗

(0.15)
Simpson index standardized
in each region and year

0.47∗∗∗

(0.14)
-2.29∗∗∗

(0.75)
0.43∗∗∗

(0.04)
-0.29∗

(0.15)

Note: Sample size: N = 391 in the lower regime and N = 2, 206 in the upper regime in the simple counting; N = 388 in the lower
regime and N = 2, 209 in the upper regime in the Simpson index. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01. Standard
errors in parenthesis are clustered at the household level. Covariates unrelated to indicators of crop diversification are omitted
from the table.

food groups than lower-regime farmers (the difference is statistically significant at the one

percent level). Although the HDDS is supposed to be calculated over the previous 24 hours

in Swindale and Bilinsky (2006), my reference period is the previous seven days before the

questionnaire owing to data limitations. Because my reference period is long, the difference

of the HDDS between the two regimes tends to shrink and be understated. Nevertheless,

lower-regime farmers have less diverse intake of diets than upper-regime farmers.

Using the Hansen’s fixed-effects threshold model, I estimate the impacts of crop diver-

sification on the HDDS of the contemporary wave in Table 3.9. As in Table 3.7, I add to

covariates the standardized crop numbers and SI separately. The set of covariates are the

same as my main analysis. For brevity, Table 3.9 displays estimated coefficients only for each

indicator of crop diversification. F-statistics are statistically significant for the two cases.

In Table 3.9, estimated thresholds are considerably larger than those in my main analysis

(around 200,000 in Table 3.2). I may have different threshold parameters because farmers’

dietary diversity is also related to other factors than farmers’ decisions on crop diversification.

Columns (1) and (2) show that increasing crop numbers raises the HDDS in both regimes

by the same amount. Columns (3) and (4) also show that increasing the SI raises the HDDS

in both regimes by the same amount. Although farmers’ decisions on crop diversity in their

farmland may still be endogenous in the fixed-effects model, these results show that crop

diversification is positively associated with farmers’ dietary diversity, regardless of farmers’

food consumption levels. Because the HDDS is lower among lower-regime farmers in Fig-

ure 3.8, they may be more motivated to promote crop diversification, if agricultural shocks

are perceived as threats to their balanced dietary intake.

To explain balanced dietary intakes as a potential factor, my conceptual framework as-

for balanced dietary intakes works as farmers’ motivation for crop diversification. In contrast, Table 3.9 later
relies on the HDDS in the contemporary wave to examine how crop diversification affects the HDDS.
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Figure 3.8: The Levels of Dietary Intake and Dependence on Purchased Food

Table 3.9: Estimates of the Effects of Crop Diversification on the HDDS

Simple Counting Simpson Index

(1) (2) (3) (4)
Explanatory Variable Lower

Regime
Upper
Regime

Lower
Regime

Upper
Regime

Indicators of crop diversification:
Crop numbers standardized in
each region and year

0.20∗∗∗

(0.06)
0.20∗∗∗

(0.07)
Simpson index standardized in
each region and year

0.19∗∗∗

(0.06)
0.19∗∗

(0.08)

Estimated threshold 375,145 375,145
Linearity test
F statistic (p-value in parenthe-
sis)

133.93∗∗∗

(0.00)
133.60∗∗∗

(0.00)

Note: Sample size: N = 2, 664. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01.
Standard errors in parenthesis are clustered at the household level. Covariates
unrelated to indicators of crop diversification are omitted from the table.
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sumes that the income of poor farmers is increased by crop diversification. As Table 3.8

previously showed, crop income is increased by crop diversification in the lower regime,

which seems consistent with my assumption.

As was shown previously in Table 3.4, a rise in food price is positively associated with crop

diversification. Lower-regime farmers may realize balanced dietary intakes that are unaffected

by fluctuation in food price. However, it is uncertain whether lower-regime farmers consume

food from not only their own production but also purchases in output markets.

The right-hand side of Figure 3.8 displays the average ratio of purchased food consumption

to the total food consumption in the two regimes. To calculate this ratio, I follow Dolislager et

al. (2022). The NPS provides data on expenditure on purchased food as well as its purchased

quantities over the previous seven days before the interview. By dividing the expenditure by

its purchased quantities, I calculate market prices of each food.16 Then, these market prices

are multiplied by total quantities of consumed food coming from own production, purchases,

and gifts. Finally, I divide the expenditure on purchased food by the predicted market values

of the total food consumption.

The right-hand side of Figure 3.8 shows that more than 30% of the total food consump-

tion comes from purchases among lower-regime farmers. As Dolislager et al. (2022) shows,

purchases are an important source of food consumption even for poor farmers in Tanzania.

Owing to limited income of lower-regime farmers, their food securities may be threatened

easily by rises in the price of purchased food, relative to upper-regime farmers.

Stabilization of Market Income

I assess farmers’ participation in output and input markets in the two regimes. In Figure 3.9,

the two bar graphs in the top depict the proportion of farmers’ selling each type of crops and

the respective average sales revenue when they sell. Although the selling rates are similar

in the two regimes, upper-regime farmers achieve higher crop sales in all crop types, once

they decide to sell in output markets. As shown in Figure 3.7, food securities are even less

severe for upper-regime farmers than for lower-regime ones. Thus, upper-regime farmers may

obtain more surplus of harvested crops for sales. To reduce the income loss caused by falls

in crop prices, upper-regime farmers may have more incentives to grow multiple crops for

sales.

The two graphs at the bottom of Figure 3.9 depict the proportions of farmers’ purchas-

ing inorganic fertilizer and hybrid/improved seed, and their average expenditures when they

purchase. Although the purchasing proportions are statistically higher for upper-regime farm-

ers in the two inputs, relatively sizable proportions of lower-regime farmers also purchase

16Using the Fisher price indices provided in the Basic Information Document by the NPS, I adjust market
prices of food in each household, depending on spatial price differences.
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Figure 3.9: Farmers’ Participation in Output and Input Markets

them. Moreover, conditional on farmers’ input purchases, I find similar average expendi-

tures on inorganic fertilizer in both regimes, though upper-regime farmers expend more on

hybrid/improved seed. Specific amounts of fertilizer may need to be applied, once farmers

determine its application.

These observations suggest that lower-regime farmers may also depend on purchases in

input markets and respond to a rise in input price, as upper-regime farmers do. Appendix 3-

V, which redefines the two indicators of crop diversification by five crop types, finds that

a rise in input price discourages the diversity at the crop-type level among lower-regime

farmers, which is contrasted with positive responses by upper-regime farmers in Table 3.4.

The crop-specific analysis in Table 3.5 also shows that lower-regime farmers who experienced

a rise in input price are less likely to plant cash crops (see Column (9)). Lower-regime farmers

may not afford to purchase higher-priced inputs because of limited income. They may fail

in obtaining necessary seeds/seedlings or fertilizer and abandon planting cash crops, which

may be the evidence of poverty traps.

Finally, I investigate farmers’ demands for hiring agricultural labor. Hired labor also

constitutes an agricultural input in markets. Figure 3.10 shows the percentage of farmers

hiring labor for agricultural activities in the left-hand side and total days of hired labor

(conditional on farmers’ hiring) in the right-hand side, separately in the two regimes. In

each side, Figure 3.10 further depicts purposes farmers hire labor: land preparation and
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Figure 3.10: Percentage of Farmers Hiring Labor for Agricultural Activities and Total Days of Hired Labor
Conditional on Farmers’ Hiring

planting, weeding, ridging and fertilizing, and harvesting.

The left-hand side of Figure 3.10 shows that more upper-regime farmers hire labor for

their agricultural activities than lower-regime farmers (18% higher in upper-regime farmers).

Furthermore, this tendency applies to all purposes of hiring labor. In contrast, in the right-

hand side of Figure 3.10, upper-regime farmers demand only 4 more labor days in total than

lower-regime farmers, when they hire labor. Moreover, days of hiring labor are similar in

the two regimes in all purposes. In Table 4.3, there is no significant difference in land sizes

between the two regimes. Thus, once farmers decide to hire labor, labor days necessary for

achieving agricultural purposes may be the same.

In conclusion, upper-regime farmers hire labor for their agricultural activities more ac-

tively than lower-regime farmers do, though demanded labor days are similar between the two

regimes. Hired labor may play a main role in the productive ability of upper-regime farmers,

unlike lower-regime farmers who rely on livestock. Moreover, the usage of tractors is more

prevalent in the upper regime; out of the lower-regime farmers, 5.5% owned, borrowed, or

rented tractors, whereas 10.8% of the upper-regime farmers did. Thus, agricultural resources

for production tend to come from market transactions among upper-regime farmers.
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3.5.2 Robustness check

In Appendix 3-VII, I construct crop numbers and the SI by excluding fruit trees and perma-

nent cash crops because the cultivation of permanent crops may be unsusceptible to shocks

in the short run once farmers plant them. I then check the robustness of my main results

and find similar results in the SI.

In Appendix 3-VII, I also separately estimate the probability that farmers cultivate each

of legumes (including pigeon peas), vegetables, fruits, annual cash crops, and permanent

cash crops in addition to staples. Because farmers may plant annual and permanent crops

in a different time span, I separate vegetables/fruits and annual and permanent cash crops

in the crop-specific analyses. Moreover, the classification of pigeon pea is moved from cash

crops to legumes. Although pigeon pea is classified as permanent cash crops in the NPS

(see Appendix 3-III), it also has crop characteristics as legumes. I observe similar results in

legumes, vegetables, and permanent cash crops.

In Appendix 3-VIII, I incorporate the short rainy season, the secondary cropping season

in Tanzania, by aggregating indicators of crop diversification over different rainy seasons. I

still find similar results.

Appendix 3-IX tackles the limited sample size of my dataset and the possible endogeneity

of food consumption. My dataset is expanded as an unbalanced panel comprising all waves

from 2008 to 2018. Furthermore, I adopt a different threshold specified by Makate et al.

(2022), that is, the bottom 40% of the sample distribution of asset holdings. I find that lower-

regime farmers adopt crop diversification in response to drought/flood and disadopt it in

response to livestock loss. In contrast, upper-regime farmers may promote crop diversification

in response to a fall in crop price, though the evidence is weak.

Finally, I must admit two limitations of this chapter. First, this study relies on the use

of self-reported shock variables. Although I find no significant association between all shock

experiences and the regime shift in the FE estimation, subjective measures may contain

heterogeneity by wealth levels. In contrast, it is subjective perception of future shocks that

influences farmers’ choices of crop diversity. Although my analysis may not fully remove

heterogeneity of subjective measures, they still provide useful insights to farmers’ decisions

on crop diversification.

Second, this study does not separate effects of the three potential factors in each shock. As

Table 3.1 shows, the effects of the three potential factors overlap or conflict with each other.

However, this study does not extract effects of each factor in the main results of farmers’

responses to each shock event. Future research should design an empirical framework to

directly examine specific effects of each factor.
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3.6 Conclusion

Introducing the subsistence constraint into a farmer’s utility maximization framework un-

der uncertainty, this chapter first highlighted three potential factors behind heterogeneous

behaviors on crop diversification between poor and non-poor farmers. First, subsistence re-

quirement has opposite effects, depending on poor farmers’ perception of future states: if

poor farmers predict insufficient energy intakes under diversified crop portfolios, they are

forced to specialize in growing staple crops with high-caloric intakes for survival. Conversely,

if specialization in a certain crop involves the risk of heavy damages, subsistence requirement

induces poor farmers to disperse risks by crop diversification. Second, the desire for balanced

dietary intakes encourages crop diversification among poor farmers, who prefer to consume

various crops as well as necessary ones for survival. Third, stabilization of market income is a

major motivation for crop diversification among non-poor farmers, who need market income

to purchase luxury food and non-food items.

Using two waves of the Tanzanian NPS, I then examined whether experiences of agronomic

and market shocks affect farmers’ adoption of crop diversification differently by the level of

food consumption. Farmers’ heterogeneous behaviors on crop diversification are formulated

as a regime shift by Hansen’s (1999) fixed-effects threshold model.

I find that poor farmers below the threshold adopt crop diversification in response to

drought/flood and a rise in food price. Poor farmers may disperse risks by cultivating cli-

matically resistant crops and realize balanced dietary intakes that are unaffected by food

price fluctuation. Conversely, the loss of livestock (productive assets for tillage) traps poor

farmers in low crop diversity. In contrast, non-poor farmers above the threshold adopt crop

diversification in response to a fall in crop price for sale and a rise in input price for purchase.

They may stabilize market income by crop diversification.

Crop-specific analyses show that legumes/oil are a main driver for crop diversification.

Poor farmers who experienced drought/flood and rises in food prices tend to cultivate

legumes/oil, whereas non-poor farmers who experienced falls in crop prices tend to culti-

vate them. Poor farmers also plant sorghum/roots/tubers, low-valued but drought-resistant

crops, to address agronomic shocks. Conversely, poor farmers who lost productive resources

(livestock) specialize in the production of staple crops.

These results imply that farmers’ motivations for crop diversification reflect their prior-

ities in their livelihoods: food security in poor farmers and stabilization of market income

in non-poor farmers. Farmers decide to diversify crop composition in farmland if a shock is

likely to threaten farmers’ priorities in their livelihoods. Moreover, poor farmers may spe-

cialize in the cultivation of staple crops, if they predict insufficient energy intakes under crop

diversification.
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To promote crop diversification as policy tools, we must consider different livelihood prior-

ities between poor and non-poor farmers. When we promote crop diversification among poor

farmers, we should encourage them to plant drought-resistant crops (e.g., sorghum, legumes)

to prevent devastating climatic damages that threaten their food security. In contrast, we

should encourage non-poor farmers to plant crops which are expected to produce market

income stably. One possible policy tool is a subsidy program that provides different seeds

by farmers’ economic levels. Subsidizing the purchase of agricultural resources (e.g., oxen)

may also be useful when shocks attack poor farmers, because they may suffer from the lack

of agricultural resources to adopt crop diversification.
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Chapter 4

Welfare Impacts of Farmers’

Cultivation in a Secondary Cropping

Season: Concepts and Evidence from

Tanzania

4.1 Introduction

Food security during the lean season is an important issue in Sub-Saharan Africa (SSA)

(Dercon and Krishnan 2000). In the lean season, farmers must manage the consumption of

food within the amount of harvested crops until the next harvest season. Moreover, grain

prices tend to rise considerably in the lean season because of the lack of food supplies in

markets, which imposes a heavy burden on farmers’ livelihoods (Gilbert et al. 2017; Burke

et al. 2019). In Malawi, households’ caloric intakes and dietary diversity decline by around

20% in the lean season relative to the post harvest season (Gelli et al. 2017).

As a policy tool to reduce hunger in the lean season, previous studies paid little attention

to a secondary cropping season, in which farmers produce food after a main cropping pe-

riod. One strand of policies gaining attention is the proper postharvest management, which

reduces a harvest loss to increase available food during the lean season (Ndegwa et al. 2016;

Omotilewa et al. 2018; Brander et al. 2021; Channa et al. 2022; Chegere et al. 2022; Ricker-

Gilbert et al. 2022; Nindi et al. 2023). Another strand of policies is to combine credit with

price seasonality. Farmers who receive loans in the harvest season can afford to store har-

vested crops for sales in higher prices during the lean season (Aggarwal et al. 2018; Burke

et al. 2019; Fink et al. 2020; Channa et al. 2022; Delavallade and Godlonton 2023; Nindi et

al. 2023). Safety net programs providing employment, cash, and in-kind support during the
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lean season also attracted attention (Berhane et al. 2014; Beegle et al. 2017; Hoddinott et al,

2018). Although these studies did not focus on a secondary cropping, farmers may be able

to alleviate hunger in the lean season by cultivating again after a main cropping period.

To explore this possibility, this chapter examines whether Tanzanian farmers can improve

their food security by cultivating in the short rainy season, which is a secondary cropping

period in East Africa. In Tanzania, the main cropping period is the long rainy season (masika)

from March to May, and most farmers cultivate in this season. If farmers harvest crops in

July/August and do not cultivate thereafter until the next long rain, they must endure the

lean season by consuming the remaining harvests. In contrast, some areas of Tanzania have

the short rainy season from September/October through December/January. By cultivating

in this season, Tanzanian farmers can produce additional food before the start of the next

long rainy season, which may improve farmers’ food security in the lean season (Oestigaard

2016).

This chapter has two main objectives. First, I empirically examine whether farmers obtain

more caloric intakes and realize more dietary diversity by cultivating in the short rainy season.

I further examine how the impacts of the cultivation in the short rainy season are changed,

depending on whether farmers have non-agricultural occupations. This is because the hunger

during the lean season may be alleviated by the existence of off-farm income.

Second, I attempt to provide the entire picture of farmers’ activities in the short rainy

season, which is unfamiliar owing to the low research interest by previous studies. Previous

studies frequently focused on the long rainy season, while excluding the short rainy season

from the analysis (Bevis et al 2019; Bhargava et al. 2019). Exceptionally, a few studies

investigated welfare impacts of seasonal droughts in the short rainy season and farmers’

perceptions on its long-run rainfall variability in Ethiopia (Holden and Shiferaw 2004; Kassie

et al. 2013; Dimitrova 2021). However, even these studies did not examine the cultivation in

the short rainy season as a main research topic. To consider the importance of the short rainy

season as a research topic, I compare the prevalence, crop compositions, and productivity in

the short rainy season with those in the long rainy season.

My dataset comes from six waves of data from 2008/09 to 2020/21 in the Tanzanian

National Panel Survey (NPS). The descriptive statistics show that the cultivation in the

short rainy season is not a minor or special economic activity in terms of the prevalence

among farmers, crop compositions, and productivity. I use the fixed-effects two-stage least

squares (FE-2SLS) regression. My results show that farmers obtain more caloric intakes and

dietary diversity by cultivating in the short rainy season. Moreover, smallholders with small

farm size benefit more per acre of planted land in the short rainy season. I also use an

endogenous switching regression (ESR) model proposed by Murtazashvili and Wooldridge

(2016). My results show that farmers who have no occupation except agriculture obtain
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more caloric intakes by cultivating in the short rainy season, whereas farmers who have

non-agricultural occupations realize more dietary diversity by doing so.

This chapter makes two contributions to previous literature. First, this chapter explores a

new policy tool to improve farmers’ food security in the lean season. To my knowledge, this

chapter is the first study to link farmers’ secondary cropping to their food security in the

lean season. My findings may also be applicable to other East African countries which have

the short rainy season. Second, I clarify that the cultivation in the short rainy season has

a potential role to reduce farmers’ economic inequality. My results suggest that land-poor

farmers gain more food consumption per acre of planted land in the short rainy season than

land-rich farmers do.

This chapter proceeds as follows. Section 4.2 provides background information. Section 4.3

presents the conceptual framework. Section 4.4 explains the estimation strategy. Section 4.5

presents analytical results. Section 4.6 provides discussion. Finally, I conclude this chapter.

4.2 Background Information

4.2.1 Dataset Description

Because the short rainy season was not a main research topic in previous studies, I first

attempt to provide the entire picture of farmers’ activities in the short rainy season, using

the Tanzanian National Panel Survey (NPS). In the NPS, the Tanzanian National Bureau

of Statistics (NBS) collected agricultural and socioeconomic information from nationally

representative households through six waves from 2008/09 to 2020/21.

Table 4.1 displays the number of households and agricultural plots in my dataset. My

dataset focuses on farmers who have agricultural plots in the Tanzanian mainland. My panel

dataset are unbalaned and comprise households and plots with at least two waves of data.

After the first three waves (2008/09-2012/13), the composition of households was refreshed

in 2014/15. The majority households are 1582 households who were newly added in this

wave. They were interviewed again in 2020/21. The remaining households in 2014/15 are

504 households who were interviewed in earlier waves and were also interviewed in 2018/19.

NBS (2022) draws a clear picture on the history of these data collection over waves, which is

provided in Appendix 4-I. To prevent outlier effects in my analysis later, I exclude households

with the largest 1% of calorie intakes and farm size from the household-level dataset.

Table 4.2 roughly sketches the timeline of agricultural data in the NPS, taking a case

of Wave 2012/13. In each wave, the period of the long rainy season was the same over all

interviewed farmers (March-May in 2012 in Table 4.2). In contrast, farmers were asked of the

most recent short rainy season from the date of interview. Thus, farmers who were interviewed

early provided information on the short rainy season before the long rainy season (October
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Table 4.1: Number of Households and Plots in Each Wave

2008/09 2010/11 2012/13 2014/15 2018/19 2020/21 Total Households

Number of Households 1,799 2,185 2,204 2,086 499 1,582 10,355
Number of Plots 3,651 4,874 4,670 4,650 1,151 3,448 22,444

Table 4.2: Timeline of NPS in Wave 2012/13

2011 2012 2013

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr MayJun Jul Aug Sep

Short rainy season (before) Cultivate Harvest

Long rainy season Cultivate Harvest

Short rainy season (after) Cultivate Harvest

Month of interview in NPS Interview

to December in 2011 in Table 4.2). Conversely, farmers who were interviewed late provided

information on the short rainy season after the long rainy season (October to December

in 2012 in Table 4.2). All waves in the NPS have the same chronological structure. This

chronological difference of the short rainy season will be used in descriptive statistics and

the construction of instrumental variables and rainfall variables later.

Table 4.2 roughly sketches each agricultural period for clarity. Appendix 4-I displays the

distributions of harvest months, which largely coincide with time intervals in Table 4.2.

4.2.2 Farmers’ Activities in the Short Rainy Season

Regional Distribution of Farmers Cultivating in the Short Rainy Season

Using the household-level data previously explained, Figure 4.1 illustrates the number of

farmers who (1) cultivated only in the long rainy season, (2) cultivated only in the short

rainy season, and (3) cultivated in both rainy seasons. Figure 4.1 divides the Tanzanian

mainland into five geographical areas: Northeast, Coastal, Central, Lakes, and Southern

Highlands.1

Figure 4.1 shows that the number of farmers cultivating in the short rainy season is not

small. More than half of the farmers in Northeast (e.g., Kilimanjaro region) and Lakes (i.e.,

regions around Lake Victoria) cultivate in both long and short rainy seasons, which coincides

with the typical bimodal rainfall pattern in these areas. The rest of the country tends to

have a unimodal rainfall pattern of the long rainy season. However, the bimodal rainfall

1Each geographical area in Figure 4.1 contains the following regions under old administrative boundaries
before 2012 (“region” is the largest administrative unit in Tanzania): Northeast for Arusha, Kilimanjaro,
Manyara, and Tanga regions; Coastal for Dar es Salaam, Lindi, Morogoro, Mtwara, and Pwani regions;
Central for Dodoma, Kigoma, Singida, and Tabora regions; Lakes for Kagera, Mara, Mwanza, and Shinyanga
regions; Southern Highlands for Iringa, Mbeya, Rukwa, and Ruvuma regions.
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Figure 4.1: Number of Farmers Cultivating in Each Rainfall Season

pattern is also observed partly in Coastal, Central, and Southern Highlands areas (FAO).2

In Figure 4.1, some farmers in these areas cultivate in both two rainy seasons.

Composition of Planted Crops in the Short Rainy Season

Using the the plot-level dataset, Figure 4.2 displays the top 10 crops farmers reported they

cultivate as a main crop in their plots in each long and short rainy season. Because compo-

sitions of planted crops in farmland strongly depend on agro-ecological conditions, I focus

on plots in Northeast and Lakes areas, where the cultivation in the short rainy season is

prevalent (see Figure 4.1).

Figure 4.2 shows that compositions of planted crops are considerably similar between the

two rainy seasons. Nine out of the ten crops are the same in the two rainy seasons. Maize is

planted as a main crop in nearly 50% of plots in both two rainy seasons, which suggests that

annual crops are widely planted in the short rainy season. Perennial fruit trees and crops

such as banana and cassava are cultivated in some plots in the short rainy season, but this

pattern also applies to the long rainy season. Farmers do not to plant minor, non-staple, or

special crops in the short rainy season, compared with the long rainy season.

Economic Scales and Productivity in the Short Rainy Season

In Figure 4.3, I then examine farmers’ production in the short rainy season in Northeast

and Lakes areas. In Figure 4.3, 95% confidence intervals (CI) are overlaid for mean values.

2See https://www.fao.org/3/w7958e/w7958e00.htm.

61



Figure 4.2: Top 10 Crops Cultivated as a Main Crop in the Long and Short Rainy Seasons in Northeast/Lakes

Using the household-level dataset, Figure 4.3(a) displays how many acres of land are used

for planting annual crops on average in each long and short rainy season. The average size

of planted land in the short rainy season amounts to around two-thirds of that in the long

rainy season.

Using the plot-level dataset, Figure 4.3(b) displays the average kilograms of harvested

maize per acre in the long and short rainy seasons. The average maize productivity is almost

the same in the two rainy seasons. This is surprising because rainfall tends to be lower

and more uncertain in the short rainy season (Appendix 4-I depicts the rainfall pattern in

Kilimanjaro region).

If farmers cultivate in the short rainy season, it may deplete soil nutrients and lead to

low productivity in the next long rainy season. In Figure 4.3(c), I examine whether maize

yields per acre in the long rainy season decrease if a plot is cultivated in the last short rainy

season. Interestingly, the maize productivity in the long rainy season is similar, regardless of

whether farmers cultivate in the previous short rainy season.

Appendix 4-I also shows that maize prices in the short rainy season tend to be higher

than those in the harvest season after long rains, which indicates the potential for farmers

to earn more income by cultivating in the short rainy season. Moreover, maize prices in

Northeast/Lakes tend to be lower in the harvest season of short rains than those in other

areas, which suggests that other households than farmers also enjoy welfare improvements

through lower food prices.
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Figure 4.3: Economic Scale of Production and Maize Productivity in Northeast/Lakes. 95% Confidence
intervals (CI) for mean values are overlaid.

Relationship between Non-Farm Activities and Cultivation in the Short Rainy Season

If farmers have other income sources than agriculture during the lean season, farmers may

not have to rely on the cultivation in the short rainy season. Thus, we must attend to the

existence of farmers’ off-farm income during the short rainy season. Unfortunately, the NPS

does not provide information on when farmers obtain off-farm income. Instead, this chapter

uses data on whether any member within a household has a non-agricultural occupation such

as the engagement in non-agricultural sectors (fishing, mining, and tourism), the employment

by organizations (the central/local governments, private sector, and NGO/religious groups),

and the operation of own business.3;

Using the household-level data nationwide, Figure 4.4 depicts proportions of households

whose member has a non-agricultural occupation. As a proxy for farmers’ economic levels,

Figure 4.4 divides farmers by the 10th, 25th, 50th, 75th, and 90th percentiles of the total

expenditure including food and non-food consumption per 28 days in Tanzanian shillings.

Regardless of whether they cultivate in the short rainy season in addition to the long one, the

proportions of farmers having non-agricultural occupations are similar, except for the poorest

below 10th percentile and the richest above the 90th percentile. This suggests that farmers

may not determine the cultivation in the short rainy season, depending on the existence of

3Non-farm occupations do not include agricultural wage because farm employment during the short rainy
season highly depends on whether other farmers in the community cultivate in this season and may lack the
steady nature of off-farm income.
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Figure 4.4: Proportions of Households whose Members Have Non-Farm Occupations

off-farm income sources within a household.

Moreover, Figure 4.4 shows that poor farmers are less likely to have non-agricultural

occupations, which suggests that the existence of off-farm income is closely related to farmers’

economic levels.

Appendix 4-I shows that, in all types of non-agricultural occupations, the average monthly

non-farm income per individual is lower than the average monthly food consumption per

adult equivalent. Thus, non-farm income may still be insufficient to fully satisfy farmers’ food

demands during the lean season. Harvested crops during the short rainy season and their

cash income from sales may improve the quantity or quality of farmers’ food consumption,

even if they have off-farm income.

4.3 Conceptual Framework

4.3.1 Economic Framework on the Lean Season

This section analyzes how additional agricultural income in the short rainy season affects

farmers’ food consumption levels. In the interviews with Malawian farmers, Walls et al.

(2023) reported that many families regularly eat only one meal per day in the lean season;

some families do not eat at all. In this extreme poverty, farmers have to prioritize consuming

staple foods with high energy (e.g., maize) for survival. They cannot afford to enjoy a variety

of foods until they ease hunger. Previous studies on cash transfer support the possibility that

farmers’ priorities on food consumption change depending on the level of their caloric intakes.
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Very poor households in rural Niger tended to make bulk purchases of cheap grain, rather

than purchases of a variety of foods, when they received the cash transfer (Hoddinott et

al. 2018). In contrast, the cash transfer improved the dietary diversity of relatively poor

households in Ecuador and Mexico (Cunha 2014; Hidrobo et al. 2014).

Therefore, farmers’ priorities of food consumption seem to change between basic caloric

intakes and dietary diversity. In the customary consumer problem, a consumer maximizes a

utility function u(x) under the budget constraint
∑N

i=1 pixi ≤ I, where x = (x1, . . . , xN) is a

consumption bundle, p = (p1, . . . , pN) is a price vector, and I is income. I further introduce

the subsistence constraint below:
N∑
i=1

ϵixi ≥ R, (4.3.1)

where R > 0 represents the requirement for basic caloric needs and ϵi ≥ 0 is a caloric amount

per unit of consumption for xi. For example, staple crops (e.g., maize) have high values of

ϵi because of their high caloric content, whereas cash crops with low caloric content (e.g.,

coffee) have low values of ϵi.

4.3.2 Farmers’ Welfare Improvements through Cultivation in the Short Rainy

Season

I illustrate how additional income during the lean season could result in farmers’ welfare

improvements. I suppose that all farmers cultivated in the long rainy season before the lean

season and have the rest of agricultural income unconsumed in the long rainy season (Il).

In reality, farmers who determine whether to cultivate in the short rainy season face

opportunity costs for enjoying leisure and earning off-farm income. However, food prices,

in particular those of staples, tend to be high during the lean season because foods are less

supplied in markets in this season than in the harvest season. Thus, if farmers have no income

sources during the lean season, they have to care about the subsistence constraint. Even if

the subsistence constraint does not bind, the marginal utility of consuming high-priced foods

is large relative to that of consuming leisure during the lean season. As long as farmers can

maintain nutrients in the soil, access to water for planting, and have the sufficient labor force

in a household, they may have strong incentives to cultivate in the short rainy season. As

was shown previously in Figure 4.4, farmers decide to cultivate in the short rainy season,

regardless of the existence of off-farm income.

In Figure 4.5(a), I consider poor farmers who do not have income except Il in the lean

season. Although staple crops have high caloric content and are necessities for households,

these crops are insufficiently supplied in markets during the lean season. Thus,
p1
p2

>
ϵ1
ϵ2

in

Figure 4.5(a). In order to survive in the lean season, the poor farmers have to rely on only Il.
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Il + Is

ϵ1x1 + ϵ2x2 = R
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uLS
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x2

xLO
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Il + Io
Il + Io + Is

ϵ1x1 + ϵ2x2 = R

uLO
uLOS

(a) Poor farmers without off-farm income (b) Non-poor farmers with off-farm income
Figure 4.5: Impacts of additional agricultural income in the short rainy season. The shaded parts represent
feasible consumption bundles that satisfy both the budget and subsistence constraints in xL and xLO.

Then, the subsistence constraint is binding for the solution xL. In xL, the poor farmers wish

to consume x1 sufficiently for the marginal rate of substitution (MRS) to coincide with the

price ratio, but they cannot do so because of the lack of income to purchase the high-priced

staple crop x1.

Suppose that the poor farmers obtain additional agricultural income (Is) by cultivating in

the short rainy season. Then, the solution moves from xL to xLS, which mainly increases x1

and thus raises caloric intakes. The poor farmers who survive at subsistence levels (f(xL) =

R) spend additional income on increasing their caloric intakes. Therefore, this chapter first

presents the following hypothesis:

Hypothesis 1. Farmers who have no off-farm income improve their caloric intakes by cul-

tivating in the short rainy season.

In contrast, some farmers may have off-farm income Io as well as Il in the lean season. In

Figure 4.5(b), I consider non-poor farmers who have Il+Io. Because of the additional income

in the lean season, the subsistence constraint is not binding for the solution xLO. Although

the non-poor farmers already consume x1 sufficiently for the MRS to coincide with the price

ratio, they may still be eager to obtain more income so that they can enjoy a variety of food

in the lean season.

Suppose again that the non-poor farmers obtain additional agricultural income by cul-

tivating in the short rainy season (Is). Then, the solution moves from xLO to xLOS, which

mainly improves the dietary diversity between x1 and x2. Because the non-poor farmers

already consume enough calories at xLO under Il + Io, they spend additional income Is on

enjoying a variety of food. Therefore, this chapter presents the following second hypothesis:
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Hypothesis 2. Farmers who have off-farm income improve their dietary diversity by culti-

vating in the short rainy season.

Using the household-level dataset in Table 4.1, Appendix 4-I shows that households who

meet the basic caloric needs are more likely to consume food such as meat and legumes,

rather than staple foods, which suggests the conceptual process here.

There are two caveats on the conceptual framework. First, my framework does not exclude

the possibilities that farmers without off-farm income improve dietary diversity and that

farmers with off-farm income improve caloric intakes. If farmers obtain sufficiently large

income by cultivating in the short rainy season, these possibilities arise. My framework

just stresses that main channels of welfare improvements may be different, depending on

the extent of poverty. Second, the level of each income (Il, Io, and Is) was assumed to be

exogenously given to all farmers so that I can highlight welfare impacts of additional income

in the lean season. In reality, farmers may have to decide whether to cultivate in the short

rainy season and whether to do non-farm activities. To consider exogenous effects of Io and

Is, my empirical analysis needs to control for farmers’ decisions to cultivate in the short

rainy season and their self-selection into non-farm activities.

4.4 Methodology

4.4.1 Dataset

Using the household-level dataset in Table 4.1, I will test the two hypotheses in Conceptual

Framework. Because my panel dataset is unbalanced, I test for the sample selection bias

by examining the statistical significance for a lagged selection indicator in the fixed-effects

model (see pp 832-833 in Wooldridge (2010) for details). Because I find no evidence of the

sample selection bias, I proceed without correcting for it.

4.4.2 Welfare Indicators of Farmers’ Food Consumption

To estimate welfare impacts of farmers’ cultivation in the short rainy season, I first cal-

culate household’s caloric intakes (kcal) per adult equivalent on a daily basis. To mea-

sure households’ dietary diversity, I then calculate the Household Dietary Diversity Score

(HDDS) (Swindale and Bilinsky 2006). In the HDDS, all food items are classified into 12

food groups: cereals, root/tubers, vegetables, fruits, meat/poultry/offal, eggs, fish/seafood,

pulses/legumes/nuts, milk and milk products, oil/fats, sugar/honey, and miscellaneous. I

calculate the HDDS by counting the number of food groups that a household consumed in

the previous week before the interview.
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The NPS provides food consumption data over the past week before the interview. Thus,

the period of my consumption data is not limited to the lean season before the long rainy

season. After the main analysis, I will discuss whether the cultivation in the short rainy

season tends to improve farmers’ food consumption in the lean season.

4.4.3 Estimation Strategy

Statistical Models

I first estimate welfare impacts of the cultivation in the short rainy season, without taking

off-farm income into consideration:

yit = α0 + α1Sit + α2S
2
it +α

′

3xit + µi + ϵit, (4.4.1)

where yit is daily caloric intakes per adult equivalent (kcal) or weekly HDDS of farmer i

in year t. The variables of my interest are Sit and S2
it, acres of land for planting annual

crops during the short rainy season and their squared term, respectively. I focus on the

planting of annual crops because perennial crops such as fruit trees and permanent cash

crops may be regularly harvested every year after their initial planting. I focus on new

additional income caused by the planting of annual crops, rather than regular income by

perennial crops.4 In Equation (4.4.1), the squared term, S2
it, reflects the inverse relationship

between farm productivity and farm size, which is widely observed in developing countries

(Bevis and Barrett 2020). The additional increase of harvests per land may decrease as

the farm size increases (Appendix 4-III provides its supporting evidence on maize harvests).

Thus, welfare returns to land may also diminish over planting scales. Therefore, I hypothesize

α1 > 0 and α2 < 0 in Equation (4.4.1).5 Household characteristics are included as covariates,

xit. Farmers’ time-constant and time-variant heterogeneity are also included as µi and ϵit,

respectively.

I then estimate welfare impacts of the cultivation in the short rainy season, separately by

the existence of off-farm income sources:

yit = β0+β1Sit + β2S
2
it + β

′

3xit

+ off-farm incomeit × (γ0 + γ1Sit + γ2S
2
it + γ

′

3xit) + µi + ϵit, (4.4.2)

where off-farm incomeit is a dummy variable that is equal to one if any household member

4Moreover, the NPS provides detailed information on planting areas of annual crops.
5I do not include acres of land cultivated in the long rainy season because most farmers cultivate in this

season, as shown in Figure 4.1. Moreover, it is difficult to find appropriate IVs that are correlated with
planted acres in the long rainy season as well as those in the short one, but are not correlated with the error
term. Instead, I include total acres of owned land as covariates later.
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of farmer i has a non-agricultural occupation. As explained in Background Information, a

household seems to have reliable off-farm income during the short rainy season if its member

has a non-agricultural occupation.6 To examine heterogeneous impacts by the existence of off-

farm income, I introduce the interaction terms with off-farm incomeit in Equation (4.4.2).7

Therefore, Hypothesis 1, in which farmers without off-farm income benefit from improved

caloric intakes, claims β1 > 0 and β2 < 0 if yit is caloric intakes. In contrast, Hypothesis 2, in

which farmers with off-farm income benefit from improved dietary diversity, claims β1+γ1 > 0

and β2 + γ2 < 0 if yit is the HDDS.

Empirical Issues

There are two empirical challenges in estimating the two equations above. First, Sit and S2
it

are endogenous. Farmers tend to cultivate in the short rainy season in environmentally favor-

able conditions with bimodal rainfall patterns. Thus, we must control for areas of farmers’

residence and their time-constant heterogeneity. Moreover, estimation results could reflect

the reverse causality that high wealth levels lead to large production scales. Wealthy farmers

with high levels of food consumption may own and cultivate large areas of land relative to

poor farmers with low levels of food consumption. Consequently, the coefficients for Sit and

S2
it could be estimated in favor of wealthy farmers with high levels of food consumption, so

that the estimated summation of welfare benefits, α̂1Sit + α̂2S
2
it in Equation (4.4.1), would

tend to be large for wealthy farmers cultivating more land during the short rainy season.

This problem is serious because poor farmers facing a lack of income in the lean season may

obtain more benefits by cultivating in the short rainy season than wealthy farmers.

The second empirical challenge is that farmers may hold non-agricultural occupations as

a result of their choices. Because my conceptual framework considers exogenous impacts of

off-farm income, I need to control for farmers’ choices to hold non-agricultural occupations.

Endogeneity for Cultivation in the Short Rainy Season

To control for endogeneity of Sit and S2
it, I conduct the fixed-effects two-stage least squares

(FE-2SLS) regression in Equation (4.4.1). I rely on meteorological findings to construct

appropriate instrumental variables (IV). It is known that the rainfall variability in the short

rainy season is closely linked to both El Niño and Indian Ocean Dipole (IOD) events (Mbigi

and Xiao 2021). If the sea surface temperature (SST) in the tropical eastern Pacific Ocean

is warmed more than usual (El Niño events), Tanzania tends to have more rainfall during

6As a robustness check, I also tighten the definition off-farm incomeit as a dummy variable that are equal
to one if any household member is engaged in non-farm activities as a “main” occupation. I still obtain
similar findings.

7Other covariates than Sit and S2
it are also interacted with off-farm incomeit because of the statistical

structure of an ESR model, which I will use in estimation.
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the short rainy season (Mutai and Ward 2000). In contrast, if the SST in the tropical Indian

Ocean are cooled in the western part and warmed in the eastern part more than usual

(negative IOD), droughts tend to occur during the short rainy season (Lu et al. 2018).

Two meteorological indices and their interaction term are introduced as IVs: NINO3.4

and the Dipole Mode Index (DMI), which measure the intensities of El Niño and IOD events,

respectively.8 Mbigi and Xiao (2021) showed that the rainfall in Tanzania in a given year

has a significantly high connection with the NINO3.4 and DMI from September in the same

year to February in the following year. I sum up the two indices over this period each year

as IVs. I further introduce their interaction term as another IV.9

These meteorological phenomena affect the potential scale of production in the short rainy

season, and seem to affect farmers’ welfare only in this channel. Based on the NINO3.4 index

and DMI, the Tanzanian government may announce the projection of rainfall during the short

rainy season, which may affect farmers’ decisions to cultivate in this season. However, I find

no statistical significance in the Hansen’s overidentification test, which will be shown later.

Because these meteorological indices vary over time but are common to all households, I

also introduce as the last IV the proportion of farmers planting annual crops in the short rainy

season for each district and wave.10 The regional prevalence of the cultivation in the short

rainy season seems to be correlated with farmers’ practices to cultivate in this season, but

does not seem to directly determine cultivation decisions by individual farmers. Thus, this

IV is unlikely to be correlated with the idiosyncratic error ϵit in Equation (4.4.1). Although

this IV may be correlated with the unobserved regional potential to cultivate in the short

rainy season, I control for time-constant heterogeneity in the FE model and areas of farmers’

residence as covariates, as will be explained later.

Appendix 4-II shows the first-stage results in the FE-2SLS model. The four IVs tend to

be individually significant and are also jointly significant.

Self-Selection to Engage in Non-Agricultural Occupations

To control for farmers’ choices to hold non-agricultural occupations, I estimate Equation (4.4.2)

by using an endogenous switching regression (ESR) model proposed by Murtazashvili and

Wooldridge (2016). This chapter classifies farmers into two groups: farmers with and without

non-agricultural occupations. In the ESR, covariates have different impacts on the outcome

8The NINO3.4 index, which measures the anomaly of SST in the tropical eastern Pacific Ocean, is used
to define El Niño events. The Dipole Mode Index (DMI), which measures the anomaly of the SST gradient
between the western and eastern parts of the tropical Indian Ocean, represents the intensity of the IOD.

9Instead of these meteorological indices, I attempt to use rainfall amounts during the short rainy season as
an IV. However, they are not significant in the first-stage estimation at the household level. Moreover, using
the two meteorological indices and their interaction term enables me to use the Hansen’s overidentification
test because IVs outnumber two endogenous variables, Sit and S2

it.
10The largest administrative unit in Tanzania is regions, followed by districts, wards, and village.
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variable, depending on which group each farmer belongs to. In Equation (4.4.2), one unit in-

crease of Sit changes yit by β1 if off-farm incomeit = 0 and by βi+γi if off-farm incomeit = 1.

The ESR addresses a bias caused by farmers’ self-selection into each group.

Murtazashvili and Wooldridge (2016) constructed an ESR with endogenous explanatory

variables in panel data by combining the control function (CF) method with the correlated

random effects (CRE). The CF method controls for the farmers’ selection and endogenous

explanatory variables, using a two-step procedure. In the first stage, I run the probit esti-

mation of the selection indicator, or off-farm incomeit in Equation (4.4.2), on covariates and

IVs, and obtain generalized residuals. In the second stage, I run the 2SLS regression of the

outcome variable on endogenous explanatory variables, covariates, the generalized residuals,

and the interaction terms between all these variables and the selection indicator. If the gener-

alized residuals and their interaction term with the selection indicator are jointly significant

in the second stage, it shows that the self-selection is correlated with ϵit in Equation (4.4.2)

and is endogenous.

To control for time-constant heterogeneity, the CF approach is combined with the CRE

method, which was introduced by Mundlak (1978) and Chamberlain (1984). I add the time-

averaged values of exogenous explanatory variables and IVs to the set of covariates in each

first and second stage estimation. This allows household’s time-constant heterogeneity (µi)

to be correlated with covariates, unlike the traditional random effect model.

In the ESR, I must introduce IVs for off-farm incomeit, Sit, and S2
it. I use the proportion

of off-farm incomeit for each district and wave, plus the four IVs aforementioned.11 The

regional prevalence of non-farm activities seems to affect the possibility for each farmer

to obtain non-agricultural occupations, but does not seem to directly determine types of

occupations owned by individual farmers. Thus, this IV is unlikely to be correlated with

the idiosyncratic error ϵit in Equation (4.4.2). Although this IV may be correlated with the

unobserved potential of each regional economy, I control for time-constant heterogeneity in

the CRE model. Appendix 4-II shows the results of the probit estimation in the first stage

of the ESR model. Meteorological indices and the proportion of off-farm incomeit tend to be

individually significant. The five IVs are also jointly significant.

4.4.4 Covariates

Household characteristics xit include the household head’s age, gender, educational years,

and years of living in a community. I include adult equivalents as an indicator of household

size and the total acres of land owned by a household. To represent the household’s credit

constraint, I add a dummy variable that are equal to one if a household belongs to a SACCO

11I calculate the proportion using all households in the NPS, which include non-farmers as well as farmers
in Table 4.1.
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(savings and credit cooperatives). I also add to covariates a distance to the nearest market

from plots owned by a household.12

To control for the regional potential of agricultural production, I add the rainfall amounts

in the long rainy season from March to May and in the short one from September to January

in each district. I also add the sum of rainfall during the long rainy season and that during

the short rainy season over the past five years in each district. These rainfall variables, which

have large values, are transformed into logarithmic form in the analysis.

Because food consumption levels may depend on dates of interviews to households, I

introduce three dummy variables that are equal to one if households are interviewed in

January-March, April-June, and October-December, respectively, with July-September as

the baseline. January-March corresponds to the harvest period after the short rainy season,

April-June to the cultivation period during the long rainy season, July-September to the

harvest period after the long rainy season, and October-December to the cultivation period

during the short rainy season. If farmers do not cultivate in the short rainy season, October-

December and January-March corresponds to the lean season.

To control for the regional suitability to cultivate in the short rainy season, I introduce four

dummy variables that are equal to one if households reside in Northeast, Coastal, Central,

and Lakes areas, respectively, with Southern Highlands as the baseline. Finally, I introduce

wave dummies, with 2008/09 as the baseline.13

4.4.5 Descriptive Statistics

Table 4.3 displays mean values of food consumption levels, household characteristics, and

rainfall variables in four cases: whether farmers cultivate in the short rainy season and

whether some members within a household have occupations except agriculture. Table 4.3

shows that daily caloric intakes per adult equivalent tend to be higher for farmers who

have only agricultural occupations, whereas the HDDS tends to be higher for those who

have non-agricultural occupations. Farmers without off-farm income may have higher caloric

intakes through the self-consumption of staple crops with high calories (e.g., maize). In

contrast, farmers with off-farm income may purchase more food, which improves their dietary

diversity.14 Although farmers with non-agricultural occupations tend to have lower caloric

intakes, they tend to be wealthier than farmers without non-agricultural occupations. The

average value of the total consumption including food and non-food items per 28 days is

12Regional grain prices may affect households’ food consumption. However, I omit grain prices because
there are missing values in some regions and years. For robustness, if I fill in missing values by predicting
maize prices by region/year fixed-effects regression, I still obtain similar findings.

13Following the practice of Murtazashvili and Wooldridge (2016), I do not introduce time-averaged values
of area and wave dummies in the ESR model.

14In my dataset, the average ratio of the purchased food consumption to the total food consumption is
43% if farmers have non-agricultural occupations, whereas it is 36% if they do not.
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Table 4.3: Summary Statistics for Farmers Divided by the Cultivation in the Short Rainy Season and the Existence
of Non-Agricultural Occupations

Cultivate in Short Rain Not Cultivate in Short Rain

Own only Own nonagri. Own only Own nonagri.
Mean Values agri. occupation occupation agri. occupation occupation

Household food consumption:
Daily caloric intake per adult equivalent (kcal) 2963.8 2700.65 2968.03 2759.23
Weekly number of consumed food types (HDDS) 8.18 8.5 7.56 8.31

Household characteristics:
Acres of cultivated land in short rain 2.51 2.45 0.00 0.00
Age of household head 53.86 46.98 53.28 46.61
Male-headed household (dummy) 0.73 0.79 0.70 0.76
Years of education of household head 4.07 5.08 3.74 5.12
Living years in community by household head 42.45 34.85 40.40 32.76
Adult equivalents 4.66 5.09 4.26 4.47
Acres of owned land 5.13 4.90 6.95 5.38
Belongs to SACCO (dummy) 0.03 0.07 0.01 0.05
Nearest distance to market from plots (km) 7.98 7.23 8.68 8.57

Climatic characteristics:
Rainfall during long rainy season (mm) 438.62 434.1 385.98 399.01
Rainfall during short rainy season (mm) 483.68 504.64 449.14 442.04
Sum of long rain over past 5 years (mm) 2193.77 2203.58 1928.76 1975.65
Sum of short rain over past 5 years (mm) 2227.92 2396.02 2181.18 2156.89

Observations 979 1,798 2,760 4,818

3,595,405 Tanzanian shillings for the former, whereas it is 2,878,717 shillings for the latter,

although this is not displayed in the table.

Farmers cultivate around 2.5 acres on average in the short rainy season, regardless of

whether they have non-agricultural occupations, which suggests that production scales in

the short rainy season are not related to the existence of off-farm income. In contrast, other

household characteristics seem to be related to whether farmers have non-agricultural oc-

cupations. If household members have non-agricultural occupations, their household heads

tend to be younger and more educated males who have lived in a community in shorter

periods. Farmers with non-agricultural occupations tend to have more household members

and own less land. They are more likely to belong to a SACCO and own plots near markets.

Farmers who cultivate in the short rainy season tend to have more rainfall during both

long and short rainy seasons, which suggests that farmers can cultivate in the short rainy

season on climatically favorable conditions.

4.5 Results

Using the household-level dataset in Table 4.1, Table 4.4 displays estimation results of FE

and FE-2SLS models in Equation (4.4.1) and FE and ESR models in Equation (4.4.2).15

15As a caveat, I use the whole household dataset in Table 4.1 and do not restrict it to Northeast/Lakes
areas in this estimation.
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Estimating the FE model is helpful to consider how the endogeneity of Sit could affect my

results, as well as to check the robustness of my results. Standard errors (SE) are clustered

at the household level in the FE model; robust SE are used in the FE-2SLS model; and SE

are obtained using bootstrap with repetitions 500 in the ESR model to adjust the standard

errors in the second stage of ESR for the first-stage estimation (Murtazashvili andWooldridge

2016). For brevity, Table 4.4 omits other covariates than acres of cultivated land in the short

rainy season, their squared term, generalized residuals, and the interaction terms between

these variables and off-farm incomeit. For full results, see Appendix 4-II.

Columns (3) and (4) show that overidentification tests using the Hansen’s J statistic are

insignificant. Thus, I find no evidence that assumptions for IV including exclusion restrictions

are violated in the FE-2SLS model. Columns (7) and (8) show results of the Wald test on

generalized residuals and their interaction term with off-farm incomeit. Because they are not

jointly significant, I find no evidence that off-farm incomeit is endogenous.

Homogeneous impacts without interaction terms

Using the FE model in Equation (4.4.1), Columns (1) and (2) show that one additional

acre of land cultivated during the short rainy season is significantly positively associated

with farmers’ caloric intakes (kcal) and HDDS by 28.57 and 0.03, respectively. Because the

average level of Sit is around 2.50 acres in Table 4.3, the cultivation in the short rainy

season seems to have limited welfare improvements for farmers suffering from large deficits

in nutrition (For comparison, Dercon et al. (2009) sets 2,300 kcal per adult per day as a

poverty line). Moreover, the coefficients for S2
it are insignificant in both columns, although

they are negative.

In contrast, estimated impacts in the FE-2SLS model are larger for smallholders. In

Columns (3) and (4), the estimated coefficients for Sit is 1008.41 in caloric intakes (kcal) and

0.89 in HDDS, which is even larger than those in the FE model. Moreover, the estimated

coefficients for S2
it are significantly negative in both columns. Controlling for endogeneity

in the FE-2SLS model may exclude the reverse causality that the estimated coefficients for

Sit and S2
it reflect high levels of food consumption among wealthy farmers, as explained in

Estimation Strategy.

To interpret the magnitudes of estimated coefficients, the upper side of Figure 4.6 shows

the sample distribution of Sit, with their quantiles depicted by red-dotted lines (10th, 25th,

50th, 75th, and 90th). In Figure 4.6(a), Sit has a right-skewed distribution and concentrates

from zero to two acres. Using estimated coefficients in Table 4.4, the lower side of Figure 4.6

displays estimated increases in caloric intakes and HDDS, that is, α̂1Sit in the FE model

and α̂1Sit+ α̂2S
2
it in the FE-2SLS model. Figures 4.6(b) and 4.6(c) show that the increase in

food consumption is gradual in the FE model and tends to be larger for large-scale farmers.
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Table 4.4: Estimates of Welfare Impacts of the Cultivation in the Short Rainy Season

Homogeneous effects without interactions Heterogeneous effects with interactions

FE FE-2SLS FE ESR

(1) (2) (3) (4) (5) (6) (7) (8)
Explanatory Variable Kcal HDDS Kcal HDDS Kcal HDDS Kcal HDDS

Variables non-interacted with off-farm incomeit:
Sit (acres of cultivated land in
short rain)

28.57∗

(0.09)
0.03∗

(0.07)
1008.41∗

(0.06)
0.89∗∗

(0.03)
50.08∗

(0.06)
0.02
(0.49)

1058.38∗

(0.10)
0.25
(0.68)

S2
it (squared term of acres of

cultivated land in short rain)
-0.69
(0.29)

-0.00
(0.20)

-97.57∗

(0.05)
-0.07∗

(0.06)
-1.81∗

(0.08)
-0.00
(0.81)

-105.96∗

(0.07)
-0.01
(0.86)

grit (generalized residuals ob-
tained in probit estimation)

616.22∗

(0.07)
-0.08
(0.81)

Interaction terms with off-farm incomeit:
Sit × off-farm incomeit -32.98

(0.28)
0.01
(0.71)

-521.96
(0.52)

0.87
(0.31)

S2
it × off-farm incomeit 1.56

(0.19)
-0.00
(0.63)

52.41
(0.47)

-0.08
(0.25)

grit × off-farm incomeit -792.14∗

(0.06)
0.24
(0.60)

Sum of coefficients when off-farm incomeit= 1:
β1+γ1 (sum of coefficients for
Sit)

17.10
(0.37)

0.03
(0.10)

536.42
(0.26)

1.12∗

(0.07)
β2+γ2 (sum of coefficients for
S2
it)

-0.25
(0.73)

-0.00
(0.19)

-53.55
(0.18)

-0.09∗

(0.06)

Control for other covariates:
Household characteristics YES YES YES YES YES YES YES YES
Dummies of interview period YES YES YES YES YES YES YES YES
Wave dummies YES YES YES YES YES YES YES YES
Area dummies YES YES YES YES YES YES YES YES

Overidentification test
Hansen’s J statistic (p-value
in parenthesis)

0.28
(0.87)

3.45
(0.18)

Wald test on generalized residuals
Wald statistic (p-value in
parenthesis)

3.67
(0.16)

0.31
(0.86)

Note: Sample size: N = 10, 355. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I use standard errors
clustered at the household level in the FE model, robust standard errors in the FE-2SLS model, and standard errors obtained
by bootstrapping with 500 repetitions in the ESR model. For other covariates, see Appendix 4-II.
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In contrast, the additional gain in the FE-2SLS model is considerably large for smallholders,

shrinks as farmers cultivate more land, and reaches the maximum at 5.17 acres in caloric

intakes and at 6.27 acres in the HDDS. Because Sit concentrates up to two acres, resource-

poor farmers with less land seem to benefit more by cultivating additional land in the short

rainy season. For example, the median farmer who cultivate 1.68 acres in the short rainy

season (see 50th in Figure 4.6(a)) consume 1,422 more kilocalories and 1.30 more food types.

Heterogeneous impacts with interaction terms

Using the FE model in Equation (4.4.2), Column (5) in Table 4.4 shows that the coeffi-

cient for Sit is significantly positive (50.08) and outnumbers that obtained in the FE model

without interaction terms, or 28.57 in Column (1). In contrast, the estimated coefficient

for Sit × off-farm incomeit is negative. Consequently, the sum of coefficients for Sit when

off-farm incomeit = 1, or β1+ γ1, is insignificant in the F test. Because the coefficient for S2
it

is significantly negative, the inverse relationship between farmers’ welfare and farm size holds

for farmers without non-agricultural occupations. In Column (6), the p-value for β1 + γ1 in

the F test is considerably close to 0.10 (0.1006). These results provide evidence consistent

with my two hypotheses. The cultivation in the short rainy season improves caloric intakes

of farmers without non-agricultural occupations and dietary diversity of farmers with non-

agricultural occupations.

The estimation results of the ESR model in Equation (4.4.2) also support my two hypothe-

ses. Column (7) shows that the coefficient for Sit is significantly positive and considerably

outnumbers 50.08 in Column (5). The level of increase, 1058.38, is similar to that in the

FE-2SLS model (1008.41). Because the estimated coefficient for S2
it is significantly negative,

smallholders without non-agricultural occupations gain more calories by cultivating addi-

tional land in the short rainy season than large-scale farmers do. However, the estimated

coefficient for Sit×off-farm incomeit is negative. Consequently, I find no evidence that farm-

ers with non-agricultural occupations gain more calories by cultivating in the short rainy

season, because the estimated value of β1 + γ1 is insignificant.

In contrast, Column (8) shows that the estimated coefficient for Sit is insignificant. How-

ever, the estimated sum of coefficients for Sit when off-farm incomeit = 1, or β1 + γ1, is

significantly positive (1.12), and is relatively close to 0.89 in the FE-2SLS model. Because

the estimated value of β2 + γ2 is significantly negative, smallholders with non-agricultural

occupations realize more dietary diversity by cultivating additional land in the short rainy

season than large-scale farmers do.

76



Figure 4.6: Distribution of Sit and Changes in Food Consumption

77



4.6 Discussion

4.6.1 Channels of Welfare Improvements

I then examine a path of farmers’ welfare improvements in more details. Farmers who culti-

vate in the short rainy season may realize welfare improvements through the self-consumption

of harvested crops. In contrast, welfare improvements may last over the year through the

purchase of food if farmers obtain cash income by selling crops in the short rainy season.

Food Consumption Levels by Months of Interviews

Concerning the previous main analysis, Appendix 4-II shows that farmers who are inter-

viewed in October-December and January-March tend to have less calories and HDDS than

those interviewed in July-September, the harvest period after the long rainy season (see

Columns (1)-(4) in Table A15). Because food consumption data in the NPS are based on the

information over the past week before the interview, this result suggests that food securities

tend to deteriorate from the end of the harvest period in the long rainy season to its start.

Figure 4.7 plots the average levels of farmers’ caloric intakes (kcal) and HDDS by months

of interviews in Northeast/Lakes areas (I restrict my attention to Northeast/Lakes areas to

control for regional heterogeneity). In Figure 4.7(a), farmers who cultivate in the short rainy

season tend to have more calories from January to April and have more HDDS from October

to December than those who do not. Although it is unclear why farmers’ caloric intakes and

dietary diversity improve in different periods, the cultivation in the short rainy season seems

to improve farmers’ food consumption from the end of the harvest period of the long rainy

season to its start, as I expected.

Crop Sales Revenue and Food Consumption from Own Production/Purchase

I then examine whether the cultivation in the short rainy season increases the sum of crop

sales revenue over the two rainy seasons within a year and food consumption values per adult

equivalent per week coming from own production and purchase.16 I estimate Equation (4.4.2)

by the pooled CRE Tobit model because some farmers do not sell crops or purchase food.

Because crop sales revenue and food expenditure are large monetary values in Tanzanian

shillings and the Tobit model is susceptible to the violation of the normality of the error

term (Cameron and Trivedi, 2010), I transform these values in logarithm after I add one to

the original values.

16To calculate food consumption values, I follow the same procedure as Dolislager et al. (2022). The NPS
provides information on purchased quantities of food and their expenditure over the past week before the
interview. I first calculate market prices of each food by dividing its expenditure by the purchased quantity.
Then, I multiply these market prices by total quantities of consumed food coming from own production and
purchases.
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Figure 4.7: Average Calories (Kcal) and HDDS by Month of Interview in Northeast/Lakes

Table 4.5 displays average partial effects (APE) on sales revenue and food consumption

values from own production and purchase. I use the same covariates as my main analysis in

Equation (4.4.2), although they are omitted in the table. In Column (1), the APE for Sit

is positive and relatively large (14%) among farmers without non-agricultural occupations,

although it is insignificant. Farmers without non-agricultural occupations might obtain more

revenue from crop sales by cultivating in the short rainy season. In contrast, the sum of APEs

for Sit when off-farm incomeit = 1 is significantly positive and almost doubles (0.27), which

suggests that farmers with non-agricultural occupations gain more cash income by selling

crops harvested during the short rainy season.

In Column (2), the average farmers without non-agricultural occupations consume 13%

more values of food coming from own production if they cultivate one more acre of land

in the short rainy season. Although farmers with non-agricultural occupations also consume

more values of food from own production, its increase (6%) is low relative to farmers without

non-agricultural occupations. In Column (3), both farmers with and without non-agricultural

occupations purchase 3% more food by cultivating one more acre of land in the short rainy

season. Farmers may spend increased revenue of crops sales on purchasing food. Importantly,

the increase in the consumption from purchased food (3%) is lower than that from own

production (13%) if farmers do not have non-agricultural occupations.

These results suggest that farmers without off-farm income improve their welfare mainly

through the self-consumption of harvested crops, whereas farmers with off-farm income im-

prove their welfare by using the increased revenue of crop sales. The latter farmers may
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Table 4.5: Pooled CRE Tobit Estimation of the Log of Sales Revenues over the Two Rainy
Seasons and Food Consumption from Own Production/Purchase in Tanzanian shillings

(1) (2) (3)
Sales Revenues over Food Consumption Food Consumption

Explanatory Variable Two Rainy Seasons from Own Production from Purchase

Variables non-interacted with off-farm incomeit:
Sit (acres of cultivated
land in short rain)

0.14
(0.17)

0.13∗∗∗

(0.00)
0.03∗

(0.08)
S2
it (squared term of Sit) -0.00

(0.69)
-0.00∗∗∗

(0.00)
-0.00∗

(0.10)

Interaction terms with off-farm incomeit:
Sit × off-farm incomeit 0.13

(0.26)
-0.07∗

(0.10)
-0.01
(0.75)

S2
it × off-farm incomeit -0.01

(0.23)
0.00∗

(0.06)
0.00
(0.30)

Sum of coefficients when off-farm incomeit= 1:
β1 + γ1 (sum of coeffi-
cients for Sit)

0.27∗∗∗

(0.00)
0.06∗

(0.06)
0.03∗∗

(0.04)
β2 + γ2 (sum of coeffi-
cients for S2

it)
-0.01∗

(0.08)
-0.00∗

(0.06)
-0.00
(0.43)

Note: Sample size: N = 10, 355. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis.
Standard errors are clustered at the household level. APEs are displayed in the table.
Other covariates omitted from the table: age, gender, educational years, and years of living in the
community by household head, adult equivalents, acres of owned land, membership to SACCO,
distance to nearest market, rainfall in cultivation seasons and over 5 years for each long and short
rain, dummies for areas, waves, and interview periods, holding of non-farm occupation and its
interaction terms with covariates aforementioned, time-averaged values.

also improve their dietary diversity through the self-consumption, as Column (2) indi-

cates. This observation is in line with Appendix 4-IV, which shows that farmers who have

non-agricultural occupations are more likely to plant vegetables/fruits instead of planting

sorghum/roots/tubers and cash crops than those who do not.

4.6.2 Determinants of the Double-Cropping over the Two Rainy Seasons

Finally, I examine farmers’ decisions to cultivate their plots in the short rainy season in

addition to the long one. Even if farmers can obtain more income by cultivating in both

rainy seasons, they may be unable to do so owing to some factors. Clarifying promoting and

constraining factors is helpful to consider developmental policies.

Using the CRE probit model at the plot-level dataset, I examine the probability that farm-

ers plant annual crops in a plot in both two rainy seasons within a year (double-cropping).

Because we use the plot level dataset in Table 4.1, we control for plot characteristics as

well as household ones (Some plots are excluded in the analysis because of missing val-

ues in some covariates). Table 4.6 displays estimation results and covariates used in this

analysis. I cluster SE at the plot level. Column (1) displays estimation results using all sam-

ple, whereas Columns (2) and (3) display results using households in Northeast/Lakes and

Coastal/Central/Southern Highland areas, respectively.
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Table 4.6: CRE Probit Estimates of Determinants for Planting Annual Crops in a Plot in Both Long
and Short Rainy Seasons

(1) (2) (3)
Explanatory Variable All Sample Northeast/Lakes Coastal/Central/Southern

Household Characteristics:
Age of household head 0.00∗

(0.09)
0.00
(0.98)

0.00∗∗∗

(0.00)
Male-headed household (dummy) 0.02

(0.21)
0.04
(0.32)

0.01
(0.61)

Years of education of household head -0.00
(0.93)

-0.00
(0.47)

0.00
(0.57)

Years of living in community by household
head

-0.00∗∗∗

(0.00)
-0.00∗

(0.06)
-0.00∗∗

(0.03)
Adult equivalents -0.00

(0.61)
-0.00
(0.30)

0.00
(0.38)

Belongs to SACCO (dummy) 0.02∗

(0.09)
0.04
(0.12)

0.01
(0.50)

Receives subsidized fertilizer (dummy) 0.05∗∗∗

(0.00)
0.09∗

(0.07)
0.03∗∗∗

(0.01)

Plot Characteristics:
Plot is irrigated (dummy) 0.07∗∗∗

(0.00)
0.11∗∗∗

(0.00)
0.06∗∗∗

(0.00)
Acres of plot -0.00

(0.22)
-0.00
(0.19)

-0.00
(0.76)

Erosion (dummy) 0.01
(0.13)

0.03∗

(0.07)
0.00
(0.95)

Distance from plot to home (km) -0.02∗∗∗

(0.00)
-0.04∗∗∗

(0.00)
-0.01∗

(0.09)
Distance from plot to road (km) 0.00

(0.65)
0.00
(0.93)

-0.00
(0.82)

Distance from plot to market (km) 0.01∗∗∗

(0.00)
0.00
(0.65)

0.01∗∗∗

(0.00)
Plot is owned by a household (dummy) 0.01∗∗

(0.05)
0.02
(0.18)

0.01∗

(0.10)
Soil type: sandy (dummy) 0.21∗∗∗

(0.00)
0.40∗∗∗

(0.00)
0.09∗∗∗

(0.00)
Soil type: loam (dummy) 0.21∗∗∗

(0.00)
0.41∗∗∗

(0.00)
0.09∗∗∗

(0.00)
Soil type: clay (dummy) 0.20∗∗∗

(0.00)
0.40∗∗∗

(0.00)
0.09∗∗∗

(0.00)
Geographic Characteristics:
Rainfall during long rainy season (mm)
(log)

0.03∗∗

(0.01)
0.03
(0.32)

0.02∗

(0.08)
Rainfall during short rainy season (mm)
(log)

0.01
(0.60)

-0.01
(0.66)

0.01
(0.26)

Sum of long rain over past 5 years (mm)
(log)

0.11∗∗∗

(0.00)
0.23∗∗∗

(0.01)
0.08∗∗∗

(0.00)
Sum of short rain over past 5 years (mm)
(log)

-0.01
(0.78)

-0.06
(0.39)

-0.00
(0.95)

Control for other covariates:
Wave dummies YES YES YES
Area dummies YES YES YES

Sample Size:
N 21,348 7,760 13,588

Note: Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. Standard errors are clustered
at the plot level. Time-averaged values are included in the analysis but omitted in the table.
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In Column (1) of Table 4.6, I focus my attention on three significant results, which are

suggestive of policy implications. First, farmers are more likely to cultivate a plot in both

seasons by 5 percentage points (pp) if they receive subsidized fertilizer. The government

of Tanzania implemented the large-scale fertilizer subsidy, called the National Agricultural

Input Voucher Scheme (NAIVS), since 2008/09. Because inorganic fertilizer plays impor-

tant roles in supplying nutrients to the soil, the fertilizer subsidy may enable farmers to

continuously use plots without fallowing during the two rainy seasons. Second, the proba-

bility of planting in both seasons increases by 7 pp if a plot is irrigated. In the short rainy

season, rainfall tends to be lower and more uncertain than in the long one, as described in

Appendix 4-I. Water management by irrigation may enable farmers to address low rainfall

and the interannual variability of short rains. Third, the ownership to a plot increases the

probability of the double-cropping, although the increase is small (1 pp). If a plot is owned

by others, farmers may not be able to freely determine a period of cultivation.

Columns (2) and (3) show that I still obtain almost the same findings even If I di-

vide the sample to households in Northeast/Lakes and Coastal/Central/Southern Highland

areas. The probability increases by the receipt of the fertilizer subsidy and irrigation in

Northeast/Lakes areas (9% and 11%) outnumber those in Coastal/Central/Southern ar-

eas (3% and 6%). In contrast, the ownership in Northeast/Lakes areas is not significant

unlike Coastal/Central/Southern areas. Thus, we may still be able to promote the double-

cropping in Coastal/Central/Southern areas, although policy effects may be low relative

to Northeast/Lakes areas. In the household-level dataset, farmers in Northeast/Lakes and

Coastal/Central/Southern areas cultivate 2.66 and 1.86 acres on average, respectively, if they

cultivate in the short rainy season. Thus, the scale of the expansion of the double-cropping

may not be small when farmers who are encouraged to cultivate in the short rainy season

by policies start cultivating in this season.

4.7 Conclusion

This chapter has examined welfare impacts of the cultivation in the short rainy season, with

a focus on farmers’ food securities. In Background Information, I showed that the cultivation

in the short rainy season is not a minor or special economic activity. More than half of the

Tanzanian farmers cultivate in the short rainy season in the Northeastern part and regions

around Lake Victoria. The composition of planted crops and agricultural productivity are also

similar between the two rainy seasons. These observations suggest that the cultivation in the

short rainy season plays important roles in farmers’ livelihoods. In Conceptual Framework,

I introduced the subsistence constraint into the customary consumer problem to analyze

welfare impacts of additional agricultural income in the lean season. Farmers who have no
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off-farm income are expected to spend additional income on increasing their caloric intakes

for survival. In contrast, farmers who have off-farm income are expected to spend additional

income on increasing their dietary diversity.

My empirical results showed that farmers can obtain more caloric intakes and realize more

dietary diversity by cultivating in the short rainy season. I also found consistent results with

my theoretical hypotheses. Farmers who have no occupation except agriculture obtain more

calories by cultivating in the short rainy season, whereas farmers who have non-agricultural

occupations obtain more dietary diversity by the cultivation. Importantly, resource-poor

farmers with small farm size benefit more per acre of planted land in the short rainy season

than resource-rich farmers with large farm size do.

My determinant analysis provided three policy implications for the promotion of the

double-cropping over the two rainy seasons. First, policies to maintain soil nutrients may

enable farmers to cultivate without fallowing in the short rainy season, because beneficiaries

for the Tanzanian fertilizer subsidy, NAIVS, are more likely to cultivate in both rainy seasons

within a year. Second, water management during the short rainy season plays crucial roles in

addressing low and uncertain rainfall in this season. The probability of the double cropping

increased in an irrigated plot by 7 pp. Third, policies to guarantee the land ownership may

promote the double cropping. It is known that land rights affect farmers’ decisions to cultivate

or fallow their land (e.g., Goldstein and Udry 2008). In my analysis, farmers are more likely

to cultivate owned plots over the two rainy seasons.

There are two limitations in this study. First, the cultivation in the short rainy season

is strongly constrained by bimodal rainfall patterns. Thus, policies relying on the short

rainy season may be applicable only to environmentally favorable areas. Further research

is required to clarify the range of applicability of this study and examine how to expand

the double-cropping in environmentally disadvantaged areas. Second, fertilizer subsidies and

irrigation schemes, which were suggested as policy implications, may be costly and difficult to

introduce in Sub-Saharan Africa. Future research should explore farm management practices,

in which farmers can maintain nutrients in the soil and efficiently use low rainfall by using

local resources.
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Chapter 5

Farmers’ Livelihood Strategies to

Cultivate in a Secondary Cropping

Season for the Schooling of Children:

Concepts and Evidence from Tanzania

5.1 Introduction

Promoting the schooling of children has been a key issue in rural areas of low-income coun-

tries. In the face of climatic and economic shocks, rural households often increase labor of

their children at the expense of their schooling (Jensen 2000; Amin et al. 2006; Duryea et al.

2007; Gitter and Barham 2007; Dammert 2008; Alvi and Dendir 2011; Cogneau and Jedweb

2012; Dillon 2013; Bandara et al. 2015; Emerson et al. 2017; Martey et al. 2023). Moreover,

poor households suffer from the lack of income and credit for educational expenses (Thomas

et al. 2004; Ersado 2005; Beegle et al. 2006; Hazarika and Sarangi 2008; Dillon 2021; Martey

et al. 2021).

Is it possible for rural households to address the lack of educational expenses by them-

selves? Previous studies have considered policy tools such as cash transfer and the provision

of loan and information (Schultz 2004; de Janvry et al. 2006; Edmonds 2006; Shimamura

and Lastarria-Cornhiel 2010; Benhassine et al. 2015; Benedetti et al. 2016; Muralidharan and

Prakash 2017; Barrera-Osorio et al. 2019; Baird et al. 2019; Millán et al. 2020; Premand and

Barry 2022; de Walque and Valente 2023; Mendola and Negasi 2023; Gazeaud and Ricard

2024). However, if rural households have local ways to address the lack of cash, we may be

able to expand the schooling of children more effectively by supporting the adoption of such

livelihood strategies.
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To explore this possibility, this chapter aims to clarify that the double-cropping enables the

schooling of children among Tanzanian farmers. In East Africa, the bimodal rainfall pattern

is prevalent and offers two cropping seasons, the long rainy season as a main cultivation

period and the short rainy season as a secondary cultivation period (Mutai and Ward 2000;

Waha et al. 2020). In Tanzania, most farmers cultivate in the long rainy season (masika)

from March to May and harvest crops in July and August. The short rainy season begins

in September/October and continues through December/January. The short rainy season

provides an additional opportunity for farmers to produce food before the start of the long

rainy season (Oestigaard 2016). Thus, farmers who cultivate in the short rainy season may be

able to cover educational expenses for the schooling of their children, using additional crop

sales. In fact, Ikeno (2011) reported through his field observations that Tanzanian farmers

attempted to cultivate by one more season to cover new expenses for public services under

the Structural Adjustment Policy.

This chapter has two main objectives. First, I examine whether the double-cropping, or the

cultivation in both long and short rainy seasons, promotes the schooling of children among

Tanzanian farmers. To estimate impacts on education, this chapter focuses on children’s

enrollment in pre-primary, primary, and lower-secondary schools, which are popular ways

of schooling in Tanzania. As another educational indicator, I also focus on the number of

children who continue to attend these schools without dropping out. Second, I examine

whether the double-cropping has heterogeneous impacts by economic levels. In low-income

countries, educational attainments of children are strongly restricted by households’ economic

levels (Jacoby 1994; Mani et al. 2013; Martey et al. 2021). If the double-cropping improves

the children’s education stronger for poor farmers than for wealthy farmers, the double-

cropping works as a useful tool to reduce educational inequality. Thus, I estimate how the

effects of the double-cropping change over households’ wealth levels.

My dataset comes from six waves from 2008/09 to 2020/21 in the Tanzania National

Panel Survey (NPS). Combining correlated random effects (CRE) probit/Tobit models with

the control function (CF) approach, I find that the double-cropping increases the probability

of children’s enrollment in primary and lower-secondary schools. This effect is stronger for

asset-poor farmers than for asset-rich farmers. Moreover, I find gender-differential effects;

farmers who cultivate in both rainy seasons make their girls, rather than boys, enroll in

primary and lower-secondary schools. In contrast, I find that the double-cropping promotes

boys to continue to attend primary schools without dropping out.

This chapter makes three contributions to the literature. First, this study explores a new

policy tool to promote children’s education in low-income countries. To my knowledge, this

paper is the first study to empirically link the double-cropping to the schooling of children.

Second, this study adds new evidence on economic roles of the short rainy season in
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East Africa. To my knowledge, there are few empirical studies focusing on the short rainy

season because previous studies often concentrated on analyzing farmers’ activities in the

long rainy season (Bevis et al 2019; Bhargava et al. 2019). A few studies, as parts of their

main analyses, investigated welfare impacts of seasonal droughts in the short rainy season

and farmers’ perceptions on its long-run rainfall variability in Ethiopia (Holden and Shiferaw

2004; Dimitrova 2021; Kassie et al. 2013). However, most these studies neither focused on

the short rainy season as a main research topic nor examined its economic roles. In Chapter

4, I showed that Tanzanian farmers improved their food security by cultivating in the short

rainy season. This study adds new evidence by illuminating another economic role of the

short rainy season: the improvement of children’s education.

Third, this chapter suggests new evidence that the double-cropping may be favorable for

vulnerable people such as poor households and females. Chapter 4 also showed that resource-

poor farmers with small farm size improved their food consumption per acre of cultivated

land in the short rainy season more than resource-rich farmers do. This chapter shows that

the double-cropping also reduces educational inequality and promotes female education.

The rest of this chapter is organized as follows. Section 5.2 provides the background

information on the children’s education and short rainy season in Tanzania. Section 5.3

describes the conceptual framework. Section 5.4 explains my dataset and estimation strategy.

Section 5.5 presents estimation results. Section 5.6 discusses my analytical results. Finally,

Section 5.7 concludes this chapter.

5.2 Background Information

5.2.1 Educational System and its Transformation in Tanzania

Figure 5.1 depicts the formal structure of education in Tanzania. Until 2015, the Tanza-

nian formal education followed the 2-7-4-6-3+ system, with each number denoting years

of schooling required for completing pre-primary schools, primary schools, lower-secondary

schools, upper-secondary schools, and universities, respectively (3+ means three or more

years) (Ministry of Education, Science and Technology (MoEST) 2017). Primary schools for

children aged 7-13 years were compulsory and fee-free, as indicated by the red-colored side

in the “Primary” box in Figure 5.1. To enroll in lower-/upper-secondary schools and univer-

sities, students are required to pass the Primary School Leaving Examination (PSLE), the

O+ exam, and the A+ exam, respectively.1 Students can enter the MS+ course (vocational

courses such as carpentry) after primary schools (NBS 2022). After the completion of lower

and upper secondary schools, there are also the Certificate course and the Diploma course,

1However, students who do not pass the PSLE can enter lower-secondary schools if they are private
schools.
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Figure 5.1: Formal Educational Structure in Tanzania. Schooling was compulsory and fee-free before 2015 if
a box is red-colored and after 2016 if it is blue-colored.

respectively, which comprise technical schools and teacher colleges aimed at training teach-

ers at primary and lower-secondary levels. Students who complete the Diploma course are

allowed to enter a university.

After the “Education and Training Policy” was introduced in 2014, pre-primary and

lower-secondary schools were made compulsory and fee-free in 2016, as indicated by the

blue-colored sides in the three boxes in Figure 5.1. Schooling years for pre-primary schools

were changed from two to one year.

Expanding fee-free education enabled high enrollments in pre-primary schools. The gross

enrollment rate (GER) for pre-primary schools increased from 39.5% in 2010 to 102.6% in

2016 (MoEST 2017). 2 Although the GER for primary schools was 96.9% in 2017, the impact

of expanding fee-free education was limited in lower-secondary school: its GER was around

40% in 2017. The GERs were even smaller for non-compulsory education. The GRE was less

than 10% for upper-secondary schools in 2017.

2The GER is the ratio of the number of students enrolling in schools to the number of children in the
corresponding age group of the school enrollment. The GER can be more than 100% if many students younger
or older than specified school age enroll in schools.
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Figure 5.2: Average Educational Expenditure per Student in Tanzanian shillings

5.2.2 Educational Expenditure

Using six waves from 2008/09 to 2020/21 in the NPS, I then examine educational costs in-

curred by Tanzanian farmers. Out of 11,031 farmers in my dataset described later, I construct

the dataset of children within these farmers. Figure 5.2 displays the average educational ex-

penditure per student per year in pre-primary, primary, and lower-secondary schools, which

are popular ways of schooling in Tanzania, as will be described later. In Figure 5.2, ed-

ucational costs are separated into multiple components (school fees, books and material,

uniform, transport, extra tuition, other contribution, cost of meals, and total expenditure

including in-kind values). Educational costs are also separated by two phases before and after

2016 because pre-primary and lower-secondary schools were made compulsory since 2016. I

restrict my attention to public schools because most Tanzanian farmers do not attend private

schools.3 Value scales in the vertical axes of Figure 5.2 are different by educational stages

for visibility.4

Figure 5.2 shows that educational expenses are necessary for the schooling of children even

in the compulsory education. Although school fees are close to zero in the compulsory stage,

farmers incur other educational costs such as books and materials and uniforms. Farmers also

3In my dataset, 16,379 children attend public schools, whereas 1,243 children attend private schools.
4In Figure 5.2, I do not adjust for temporal price differences across waves, because they are small in the

NPS and the values are almost unchanged (NBS 2022).
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Figure 5.3: Percentage of Educational Expenses to Total Consumption Expenditure within a Household

incurred other contributions to schools before 2016. Consequently, the total expenditures are

far from free even in the compulsory education, which may impose an economic burden on

Tanzanian farmers.5 These observations are in line with Dillon (2020), who observed that

students’ families in Malawi paid for uniforms, books, stationery supplies, and contributions

toward the maintenance and construction of school buildings, although primary school fees

had been already abolished.

Figure 5.2 also shows that farmers must incur considerably large expenses if their chil-

dren attend lower-secondary schools. The total expenses in lower-secondary schools, 100,000

Tanzanian shillings (Tsh) ($50) after 2016, are even larger than those in pre-primary schools

(below 15,000 Tsh, or $7.5, after 2016) and primary schools (around 25,000 Tsh, or $12.5).
Figure 5.3 shows proportions of educational expenses to the total consumption expendi-

ture within a household for pre-primary, primary, and lower-secondary schools. The propor-

tion in primary schools is the lowest and is followed by pre-primary schools, which is opposite

to the order of educational expenditure in Figure 5.2. As I will see, primary schools are the

most popular way of schooling in Tanzania, and may tend to impose a less economic burden

on households than pre-primary schools. The proportion in lower-secondary schools is the

highest but decreases by around two percents after the fee-free policy.

5This observation is consistent with descriptions on educational costs in the Tanzania’s school system at
https://africaid.org/tanzanias-school-system-an-overview/.

89



5.2.3 Distribution of Students in Tanzania

Using the same dataset of children, I then see the distribution of students in each educa-

tional level among Tanzanian farmers. Table 5.1 displays the numbers of children attending

schools separately by actual ages of children. The prefixes, PP, D, F, and U denote the

educational stages of pre-primary schools, primary schools, secondary schools, and universi-

ties, respectively. Ages of children are categorized by official school ages of each educational

stage. Table 5.1 also displays in parenthesis the numbers of children enrolling in schools over

the past year before the interviews. The last two columns in Table 5.1 displays the number

of children attending schools and the number of non-schooling children for each age group

(schooling includes all educational types such as vocational and teaching schools, although

they are not displayed here).

As a caveat, children in a certain grade are not necessarily at the corresponding school

age. For example, suppose that a boy aged 6 enrolled in a primary school in January. If he

was interviewed in the NPS before his birthday, his age is still 6 (not 7), although his grade

is D1. Even if children continue to attend schools consistently with official school ages, the

lag of one age may exist in Table 5.1. As another caveat, there are some students whose ages

are far apart from official school ages in classes. These students are still included because

judging the truth of the data is difficult. Thus, Table 5.1 may roughly sketch the distribution

of students.

Table 5.1 shows that primary schools, which are compulsory and fee-free over all waves of

the NPS, are the most prevalent way of schooling among Tanzanian farmers. Many children

also attend pre-primary and lower-secondary schools, although they are non-compulsory

before 2016. In contrast, only a small fraction of children attend upper-secondary schools

and universities. Appendix 5-I shows that the numbers of children attending MS+ course,

Certificate course, Diploma course, and non-formal education are also limited.

In Table 5.1, children tend to attend a class whose official school age is close to their actual

ages. On the other hand, it is widely observed that many children enroll in and attend schools

even if their actual ages are above official school ages of the attending classes. Moreover, the

last column shows that, in all age groups, there are large numbers of children not attending

schools, which even applies to official ages of primary schools. As was explained previously,

farmers incur various educational costs even if tuition is free, which may be an obstacle for

the schooling of children. Many farmers still fail in making their children enroll in and attend

schools.
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Figure 5.4: Number of Farmers Cultivating in Each Rainy Season

5.2.4 Short Rainy Season in Tanzania

The previous observations suggest that Tanzanian farmers struggle to cover necessary ex-

penses for the schooling of their children. I then examine whether the cultivation in the short

rainy season has a potential to promote the schooling of children among farmers.

Using the household dataset described later, Figure 5.4 displays the regional distribution

of farmers who cultivate in (i) only the long rainy season, (ii) only the short rainy season,

and (iii) both two rainy seasons, as in the previous chapter. Figure 5.4 divides the Tanza-

nian mainland into five geographical areas: Northeast, Coastal, Central, Lakes, and Southern

Highlands.6 Figure 5.4 indicates that the cultivation in the short rainy season is active in

the Northeast area (e.g., Kilimanjaro region) and Lakes area (regions around Lake Victo-

ria), which are typical areas with bimodal rainfall patterns. There are also some farmers

cultivating in the short rainy season in other regions such as Coastal and Central areas. The

cultivation in the short rainy season is widely observed in Tanzania.

As the previous chapter indicates, the composition of planted crops and maize produc-

tivity are considerably similar between the long and short rainy seasons. Moreover, farmers

tend to cultivate in the short rainy season, regardless of whether they have non-agricultural

occupations. These observations suggest that the cultivation in the short rainy season is not

a minor or special economic activity in Tanzania.

I then examine whether the cultivation in the short rainy season is favorable income

sources for farmers struggling to cover educational expenses. Figure 5.5 shows the propor-

6The five geographical areas include the same Tanzanian regions as those in the previous chapter.
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tion of farmers selling crops and the average sales revenues conditional on farmers’ selling,

separately in each of the two rainy seasons. To control for regional heterogeneity, Figure 5.5

focuses its attention to Northeast and Lakes areas.7 In Figure 5.5, crops are classified into

five types: staples (e.g., maize, rice), sorghum/tubers/roots, legumes/oil, fruits/vegetables,

and cash crops.

Figure 5.5 shows that sales activities are more active in the long rainy season than in the

short one. In Figure 5.5(a), the proportion of farmers selling crops is nearly 60% in the long

rainy season, whereas it is 40% in the short rainy season. Moreover, Figures 5.5(c) and 5.5(d)

show that, once farmers sell crops, the average farmers obtain 500,000 Tsh ($250) of sales

revenue in the long rainy season, whereas they obtain 300,000 Tsh ($150) in the short rainy

season.

However, farmers’ sales activities have similarities in the two rainy seasons because main

crops for sale are staples and legumes/oil in both rainy seasons. Farmers’ sales activities in

the short rainy season are not special relative to the long rainy season, and may be useful

income sources for wide ranges of farmers. Importantly, the average sales revenue in the short

rainy season (300,000 Tsh = $150) appears to be sufficient for covering educational expenses

per student per year in pre-primary schools (less than 15,000 Tsh = $7.5 after 2016) and

primary schools (around 25,000 Tsh = $12.5), and even in lower-secondary schools (100,000

Tsh = $50 after 2016) (see Figure 5.2). I also calculate the average profits (sales revenue net

of input costs), which are not displayed in Figure 5.5.8 I find that the profits in the short

rainy season are 134,711 Tsh ($67) vis-a-vis 314,611 Tsh ($157) in the long rainy season,

and can cover expenses in lower-secondary schools.

Observations in the field also support the idea that farmers cover educational expenses

by cultivating in the short rainy season in addition to the long one. Ikeno (2011), through

his field survey to Kirisi hamlet in Kilimanjaro region, reported that cost-sharing policies

for education and health sectors under the Structural Adjustment Policy triggered irrigation

farming using ponds in the long dry season in 1990’s, so that farmers could cultivate by one

more season to cover new expenses for public services. Appendix 5-I shows that the double-

cropping is positively associated with more annual revenue of crop sales. Appendix 5-I also

shows that farmers are more likely to sell crops in the short rainy season when the number of

children enrolling in schools and that of non-schooling children increase within a household,

which is unobserved for sales in the long rainy season.

7In the NPS, a part of sales of fruits and permanent cash crops are not differentiated by rainy seasons.
Thus, Figure 5.5 does not incorporate these data.

8I calculate input costs by summing up purchasing and rental costs of inorganic/organic fertilizer, seed,
pesticide/herbicide, hired labor, and farm implements.
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Figure 5.5: Proportions of Farmers Selling Crops and Average Sales Revenues by Five Crop Types in Each
Rainy Season in Northeast and Lakes

5.3 Conceptual Framework

The previous descriptive statistics indicate that farmers may be able to cover necessary

expenses for the schooling of children by cultivating in the short rainy season. Thus, I firstly

present the following hypothesis:

Hypothesis 3. If farmers cultivate in the short rainy season in addition to the long one,

they can make their children enroll in schools and continue to attend them without dropping

out.

However, the cultivation in the short rainy season may have heterogeneous impacts by

farmers’ economic levels. Previous studies observed that policy changes and economic shocks

tend to have smaller impacts on children’s education among wealthy farmers than poor

farmers (Beegle et al. 2006; Dillon 2021). Wealthy farmers tend to be well-educated and

engage in high-return non-farm activities, which mitigate damages by agricultural shocks

(Lay et al. 2008; Loison et al. 2015). Wealthy farmers can also rely on financial markets,

which buffer against policy changes and economic shocks (Dillon 2021).

To conceptually illustrate heterogeneous impacts on education by economic levels, I rely

on the subsistence constraint. Consider two goods, food c and education e, and express a

farmer’s utility function by u(c, e). One interpretation of this utility function is altruism

(Baland and Robinson 2000). Farmers feel satisfaction by making their children receive
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Figure 5.6: Impacts of additional agricultural income in the short rainy season. The shaded parts represent
feasible consumption bundles that satisfy both the budget and subsistence constraints under the initial
income IL and IH

education. I denote market prices for c and e by pc and pe, respectively. Then, the budget

constraint is pcc + pee ≤ I, where I > 0 is income. I further introduce the subsistence

constraint c ≥ R, where R ≥ 0 is the subsistence requirement (Basu and Van 1998). Farmers

must consume the minimum level of food to meet basic needs in their livelihoods. In the

subsistence constraint, food consumption c is a necessity, whereas education e is a non-

necessity.

I consider poor farmers who have low income IL and wealthy farmers who have high in-

come IH (both on-farm and off-farm incomes are included together in IL and IH for a simple

notation). Figure 5.6(a) displays how the consumption by poor farmers moves if they obtain

additional agricultural income Is in the short rainy season. Because the initial income IL is

low, poor farmers must prioritize consuming c relative e to satisfy the subsistence constraint

c ≥ R. Then, the solution in IL is given at the intersection between the budget and subsis-

tence lines, xL. If poor farmers obtain additional agricultural income Is in the short rainy

season, the solution moves along the subsistence line and reaches xLS. Poor farmers, whose

free consumption is restricted by the subsistence constraint, spend all additional income Is

on increasing the educational consumption e.

In contrast, Figure 5.6(b) displays how the consumption choice by wealthy farmers moves

by Is. Because the initial income IH is high, wealthy farmers do not have to care about the

violation of the subsistence constraint. Thus, the solution under IH , or xHL, coincides with

the solution in the customary consumer problem without the subsistence constraint, where

the gradient of the indifference curve equals that of the budget line. In xHL, wealthy farmers

already realize the balanced consumption between c and e in line with their preference.

If wealthy farmers obtain additional agricultural income Is in the short rainy season, the
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solution moves from xHL to xHLS. Wealthy farmers spend the additional income Is on both

c and e.

Poor farmers prioritize consuming necessities relative to children’s education, which means

that there is more room for poor farmers to increase educational consumption than wealthy

farmers. Thus, the additional agricultural income in the short rainy season contributes to

more education of children among poor farmers than among wealthy farmers. Therefore, this

chapter secondly presents the following hypothesis:

Hypothesis 4. The positive impacts of the double-cropping are stronger for poor farmers

than for wealthy farmers.

5.4 Dataset and Estimation Strategy

5.4.1 Dataset

My dataset comes from six waves from 2008/09 to 2020/21 in the the Tanzanian NPS.

The NPS comprises nationally representative households and provides socioeconomic and

agricultural information at household and plot levels.

Table 5.2 displays the number of households in each wave in my dataset. My dataset is

unbalanced and comprises farmers who have agricultural plots, reside in the Tanzanian main-

land, and have at least two waves of data for panel construction. In 2008/09-2012/13, the

composition of households is basically the same in the NPS. However, the NPS refreshed com-

position of households in 2014/15. Out of households who were interviewed before 2012/13,

547 households were interviewed again in 2014/15. They were also interviewed in 2018/19.

In contrast, the NPS added new 1,774 households in 2014/15. They were interviewed again

in 2020/21.

I construct my dataset regardless of whether they have children or not, because drawing

a line between “children” and “adults” is difficult. As Table 5.1 shows, Tanzanian people

often attend schools even if their actual ages are far above official school ages of attending

classes. In my dataset, 8,466 out of 11,031 households have children at official school ages

from pre-primary to lower-secondary schools (5-17). To check the robustness, I will restrict

my dataset to these households after the main analysis.

Table 5.3 roughly sketches the timeline of agricultural activities and children’s schooling in

the NPS, taking a case of Wave 2012/13. In each wave, all farmers were asked of agricultural

activities in the long rainy season of the same period (March-May in 2012). In contrast,

farmers were asked of agricultural activities in the most recent short rainy season from the

date of interview. Thus, farmers provided information on the short rainy season before the

long rainy season (October-December in 2011) if they were interviewed early and that after
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Table 5.2: Number of Households in Each Wave

2008/09 2010/11 2012/13 2014/15 2018/19 2020/21 Total Sample Size

Number of Households 1,853 2,247 2,296 2,321 540 1,774 11,031

Table 5.3: Timeline of NPS in Wave 2012/13

2011 2012 2013

Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr MayJun Jul Aug Sep

Short rainy season (before) Cultivate Harvest

Long rainy season Cultivate Harvest

Short rainy season (after) Cultivate Harvest

Start of schooling × ×

Month of interview in NPS Interview

Note: “×” indicates the starting month of schooling in pre-primary, primary, and lower-secondary schools.

the long rainy season (October-December in 2012) if they were interviewed late. All waves in

the NPS have the same chronological structure. This chronological difference will be utilized

in constructing instrumental variables and rainfall variables later.

As Table 5.3 shows, pre-primary, primary, and lower-secondary schools, which are the

focus of my analysis, start from January. Thus, the start of schooling quickly follows the

cultivation in the short rainy season in October-December. Farmers may decide to cultivate

in the short rainy season to prepare for expenses of children’s enrollment, which can be a

source of endogeneity, as I will describe.

Because my dataset is an unbalanced panel, I test for the sample selection bias by adding

a lagged selection indicator to covariates in my main analysis and examining its statistical

significance (see pages 832-833 in Wooldridge (2010) for details). Because the lagged selection

indicator is insignificant in most dependent variables, I proceed without correcting for the

sample selection bias.9

5.4.2 Estimation Strategy

My purpose is to examine whether the double-cropping over the two rainy seasons promotes

farmers to make their children enroll in schools and continue to attend them.

Enrollment in School

As a dependent variable, I create a dummy variable that is equal to one if any child within a

household enrolls in a school. For each child in a household, the NPS provides the information

9Exceptionally, I found statistical significance when a dependent variable is the number of children who
continue to attend primary schools. In this case, I attempted to correct for the bias by adding to covariates
the inverse Mills ratio (page 835 in Wooldridge (2010)) and still found similar results.
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on children’s grades in schools both at the interview time and one year before. By comparing

contemporary and preceding grades of each child, we can discern whether any child in a

household enrolled in schools over the past year. Because pre-primary, primary, and lower-

secondary schools are popular ways of schooling among Tanzanian farmers, I examine the

probability of children’s enrollment in each of these schools, using the probit model.

Moreover, children must pass the PSLE to go on to public lower-secondary schools. Out of

18,664 children who took the PSLE, only 38% passed it in my dataset. Thus, even if farmers

cultivate in both rainy seasons to cover educational expenses for lower-secondary schools,

their children may not pass the PSLE. In order to accurately capture the impacts of the

double-cropping, I also examine the probability that children within a household take the

PSLE, using the probit model. Unfortunately, the NPS does not provide the information on

the PSLE in 2008/09. Thus, the sample size reduces from 11,031 to 9,178 in the analysis of

the PSLE.

Continuation of School without Dropping Out

Out of children who attended schools one year before the interview time, I also construct

the number of children who continue to attend the same schools at the interview time

without dropping out. I do not count children who are at the highest grades of primary and

lower-secondary schools (D7 and F4 in Table 5.1), so that I can exclude from the variable’s

definition children’s enrollment in the next level of school. For example, the transition from

D7 to F1 in Table 5.1 is not counted as the continuation of primary schools. Unfortunately,

the NPS classifies all pre-primary students as one group, regardless of different grades therein.

Thus, we do not exclude from the variable’s definition children at the top grade of pre-primary

schools. I construct three numbers of children who continue to attend pre-primary, primary,

and lower-secondary schools, respectively.

In my dataset, 6,438 out of 11,031 households have children who continue to attend pre-

primary, primary, or lower-secondary schools from one year before the interview time, which

means that a moderate portion of households take zero values in the school continuation

(corner solutions). Therefore, I rely on the Tobit model to estimate the increase in the

number of children continuing to attend schools in each of pre-primary, primary, and lower-

secondary schools.

Statistical Model

To test Hypothesis 3, I estimate the following statistical model for farmer i and year t,

separately by enrollment in and continuation of school j:

y∗ijt = α1jDit + α2j ln(Assetit + 1) + γ
′

jxit + µij + ϵijt, (5.4.1)
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where y∗ijt is the latent variable for the dependent variable yijt. When I examine children’s

enrollment in schools, I consider four dummy variables; we have yijt = 1 if any child within

a household enrolls in a (i) pre-primary school, (ii) primary school, (iii) lower-secondary

school, or (iv) takes the PSLE. In contrast, I also consider as yijt three numbers of children

who continue to attend (i) pre-primary schools, (ii) primary schools, or (iii) lower-secondary

schools.

In Equation (5.4.1), Dit is a dummy variable that is equal to one if farmer i cultivates in

the two rainy seasons within a year (double-cropping).10 I also introduce to Equation (5.4.1)

ln(Assetit + 1), the natural logarithm for the sum of all asset values per adult equivalent

(e.g., televisions, motor vehicles, and houses) plus one. To obtain Assetit, I calculate predicted

prices of each asset, multiply them by the number of asset holdings within a household, and

divide the sum of predicted asset values by adult equivalents. Because asset values take large

monetary values, I take their natural logarithm to prevent outlier effects. I add one to the

original asset values because they are zero for a few farmers.

If Hypothesis 3 is true, the double-cropping over the two rainy seasons promotes children’s

school enrollment and continuation. Thus, I expect α1j > 0 in Equation (5.4.1).

To test heterogeneous effects by farmers’ wealth levels in Hypothesis 4, I then estimate

the following equation:

y∗ijt = β1jDit + β2jDit × ln(Assetit + 1) + β3j ln(Assetit + 1) + δ
′

jxit + µij + ϵijt, (5.4.2)

In Equation (5.4.2), I introduce the interaction term between Dit and ln(Assetit + 1),

as previous studies did (Beegle et al. 2006; Kruger 2007; Bandara et al. 2015; Dillon 2021).

The effect of the double-cropping for the poorest farmers is β1j, which is obtained when

Assetit = 0, and changes to β1j + β2j ln(Assetit + 1) when Assetit > 0. If Hypothesis 4 is

true, I expect β1j > 0 and β2j < 0.

In Equations (5.4.1) and (5.4.2), xit is a set of household characteristics. Individual-

specific effects and idiosyncratic errors are denoted by µij and ϵijt, respectively.

The heterogeneous impacts of the double-cropping through asset values may take a form

of the inverted U-shaped curve because poorest households with no asset may still struggle

to incur educational expenses even if they obtain additional income by the double-cropping.

In Appendix 5-II, I add to the estimated equation the interaction term between Dit and the

squared term of asset values and estimate it. However, I find no statistical significance for

its interaction term.

10In the robustness check later, I will change Dit by acres of planted land during the short rainy season.
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Controlling for Time-Constant Heterogeneity

As Figure 5.4 suggests, farmers’ decisions to cultivate in the short rainy season depend on

regional environmental conditions, which are time-invariant but may be unobserved from the

dataset. To control for household time-constant heterogeneity, I combine non-linear models

(probit and Tobit models) with the correlated random effects (CRE) method.11

The CRE method introduced by Mundlak (1978) and Chamberlain (1984) adds the time-

averaged values of all time-varying covariates to the set of covariates. This allows us to assume

that time-varying covariates are uncorrelated with individual-specific effects µij (Wooldridge

2010).12

Controlling for Time-Variant Heterogeneity

The variables of my interest, Dit and Dit × ln(Assetit +1), may still be endogenous because

of the reverse causality. Farmers must make an early decision on whether they make their

children enroll in and attend schools or not, because procedures for enrollment and starting

of a new grade, preparation for entrance examination, and sizable cash outflows are necessary

early in advance. Because of predictable properties of education, my estimation may reflect

the reverse causality that expected events of children’s enrollment and attendance at schools

in the future (yijt > 0) promote farmers to cultivate in the short rainy season (Dit = 1)

(I suggested this possibility while citing Ikeno (2011) in the Background Information). As

Table 5.3 shows, the start of schooling quickly follows the short rainy season, which may also

strengthen the reverse causality. Thus, the coefficient for Dit would be overestimated if this

reverse causality existed.

To control for time-variant heterogeneity ϵijt in Equations (5.4.1) and (5.4.2), I further

combine the CRE method with the control function (CF) approach. The CF approach con-

trols for endogenous variables through a two-step procedure, which is similar to two-stage

least squares (2SLS) regression (Wooldridge 2015). In the first step, I first regress an endoge-

nous variable on instrumental variables (IV) and covariates, and then obtain the generalized

residuals (Wooldridge 2014). In the second step, I regress a dependent variable on the endoge-

nous variables, residuals, and covariates. The CF approach provides a simple Hausman test.

If the residuals significantly differ from zero in the second step estimation, an explanatory

variable that is considered endogenous is actually endogenous.

To control for endogeneity of Dit and Dit× ln(Assetit+1) in each of Equations (5.4.1) and

(5.4.2), I introduce four IVs that are closely related to the short rainy season. As Figure 5.4

11The fixed effects approach should not be used in my nonlinear models, because estimated coefficients are
inconsistent unless the number of time periods is large (incidental parameters problem) (Wooldridge, 2010).

12I adopt the pooled CRE probit/Tobit models because their marginal effects are obtained straightforward
in Stata. The pooled probit model also allows for serial dependence (Wooldridge 2010).

100



shows, most farmers cultivate in the long rainy season. Thus, the double-cropping over the

two rainy seasons is almost determined by whether farmers cultivate in the short rainy season.

The first three IVs are constructed from the NINO3.4 index and Dipole Mode Index

(DMI), which are meteorological indices for El Niño and the Indian Ocean Dipole (IOD)

events, respectively. It is known that El Niño and IOD events, anomalies of the sea surface

temperatures (SST) in the tropical eastern Pacific Ocean and in the tropical Indian Ocean,

respectively, are closely linked to the rainfall amount in the short rainy season and hence to

farmer’s cultivation decisions in this season (Mutai and Ward 2000; Lu et al. 2018). Because

the rainfall variability in the short rainy season has strong relations to El Niño and IOD

events from September to February, as I explained in Chapter 4. Thus, I sum up NINO3.4

and DMI indices over this period, create their interaction term, and introduce these three

variables as IVs.

Because these meteorological indices vary by year but take the same values among all

Tanzanian farmers, I further add to IVs the proportion of farmers cultivating in both two

rainy seasons for each district (districts are the second largest administrative unit following

regions). The regional prevalence of the double-cropping seems to correlated with its practices

by farmers, but does not seem to directly determine cultivation decisions by individual

farmers. Thus, this IV is unlikely to be correlated with the idiosyncratic error ϵijt. Although

this IV may be correlated with the unobserved regional potential for agricultural production,

I control for time-constant heterogeneity in the CRE model.13

Appendix 5-II shows the estimation results in the first step of the CF approach. The four

IVs tend to be individually significant and are also jointly significant.

Covariates

Household characteristics xit include age, gender, and years of education of a household

head. Because the composition of a household is related to children’s enrollment and atten-

dance at schools, I include adult equivalents as a household-size indicator and the number

of children with official ages from pre-primary schools to lower-secondary schools (5-17). I

also include the number of adults aged from 18 to 60 (except for students and disabled)

because the working force within a household may affect the necessity for child labor, which

may discourage the schooling of children. I add to xijt the total acres of land owned by a

13Although household asset values are related to broad ranges of farmers’ economic characteristics, I do not
address the possible endogeneity for ln(Assetit+1). This is because it is difficult to introduce an appropriate
IV for household asset values. However, I conducted a robustness check by introducing the average value of
Assetit for each district as an IV for ln(Assetit+1) (I calculate the average using all households in the NPS,
which include non-farmers as well as farmers in Table 5.2). The regional abundance of assets seems to be
correlated with the household’s asset levels, but does not seem to directly determine the asset formation of
individual households. Thus, this IV is unlikely to be correlated with the idiosyncratic error ϵijt. The results
are still similar to my main results.
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household. Because households may be able to cover educational expenses by receiving loans,

I add a dummy variable that is equal to one if a household belongs to a SACCO (savings and

credit cooperatives). Because urban households may have a better access to schools, I also

add a dummy variable that is equal to one if a household resides in urban areas. Schooling of

children may be easier if a farmer has other income sources than agriculture. Thus, I include

a dummy variable that is equal to one if any member within a household has non-agricultural

occupations.

To control for regional climatic tendencies, I add to xijt the rainfall amounts in the long

rainy season from March to May and those in the short rainy season from September to

January in each district. I also add the sum of rainfall during the long rainy season and

that during the short rainy season over the past five years in each district. These rainfall

variables, which have large values, are transformed into logarithmic form in the analysis.

To control for geographical characteristics, four area dummies, which are shown in Fig-

ure 5.4, are introduced, with Southern Highlands the base area. Finally, five wave dummies

are included, with 2008/09 the base period.14

5.4.3 Descriptive Statistics

Table 5.4 shows mean values of variables, separately by whether farmers cultivate in both two

rainy seasons within a year or not. Mean differences are tested between the two farmer groups.

Farmers who cultivate in both rainy seasons are more likely to make their children enroll in

all levels of schools and take the PSLE. Moreover, farmers make more children continue to

attend primary and lower-secondary schools without dropping out if they cultivate in both

rainy seasons.

I find significant differences for all household and climatic characteristics except for house-

hold asset values and number of working adults. If households cultivate in both rainy seasons,

their heads tend to be older and well-educated males. Farmers who cultivate in both rainy

seasons tend to have more household members (adult equivalents) and more children, but

own less acres of land. They are also more likely to belong to SACCO, reside in urban areas,

and have other occupations than agriculture. Farmers who cultivate in both seasons tend

to have more rainfall during both long and short rainy seasons, which suggests that farmers

can cultivate in the short rainy season on climatically favorable conditions.

14In the analysis of the PSLE, I set the base period as 2010/11 because the data in 2008/09 are not used.
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Table 5.4: Summary Statistics of Household and Climatic Characteristics

Cultivated in Uncultivated in
Mean Values of Variables Both Rains Both Rains P-Value

Educational Variables:
Whether any children within a household:
· enroll in pre-primary schools (dummy) 0.10 0.07 0.00∗∗∗

· enroll in primary schools (dummy) 0.18 0.16 0.00∗∗∗

· enroll in lower-secondary schools (dummy) 0.07 0.06 0.06∗∗

· take PSLE (dummy) 0.12 0.09 0.00∗∗∗

Number of children who :
· continue to attend pre-primary schools 0.04 0.03 0.68
· continue to attend primary schools 1.01 0.89 0.00∗∗∗

· continue to attend lower-secondary schools 0.18 0.15 0.01∗∗∗

Household characteristics:
Asset values (Tsh) 3,273,761 3,479,559 0.23
Age of household head 49.94 48.79 0.00∗∗∗

Male-headed household (dummy) 0.76 0.74 0.01∗∗

Years of education of household head 4.82 4.59 0.00∗∗∗

Adult equivalents 4.72 4.43 0.00∗∗∗

Number of children aged 7-17 2.21 1.99 0.00∗∗∗

Number of working adults 2.15 2.13 0.68
Acres of owned land 5.84 6.91 0.00∗∗∗

Belongs to SACCO (dummy) 0.06 0.03 0.00∗∗∗

Resides in urban areas (dummy) 0.11 0.19 0.00∗∗∗

Has non-agricultural occupations (dummy) 0.66 0.63 0.01∗∗∗

Climatic characteristics:
Rainfall during long rainy season (mm) 445.56 389.43 0.00∗∗∗

Rainfall during short rainy season (mm) 483.30 450.66 0.00∗∗∗

Sum of long rain over past 5 years (mm) 2210.56 1948.21 0.00∗∗∗

Sum of short rain over past 5 years (mm) 2298.71 2171.83 0.00∗∗∗

Observations 3,419 7,612

Note: Mean Differences are tested between two groups at significance levels of ∗ p<0.1, ∗∗ p<0.05, ∗∗∗ p<0.01.
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5.5 Results

5.5.1 Children’s Enrollment in Schools

Using the pooled CRE probit model, Table 5.5 displays the estimation results of children’s

enrollment in schools; Table 5.5(a) estimates Equation (5.4.1) and does not include the

interaction term between Dit and ln(Assetit+1) in covariates, whereas Table 5.5(b) includes

it to estimate Equation (5.4.2). In Columns (1)-(4), the pooled CRE probit model is not

combined with the CF approach, whereas the two methods are combined in Columns (5)-

(8). Comparing the two types of results is helpful to consider how the endogeneity of Dit

and Dit × ln(Assetit + 1) could affect my results, as well as to check their robustness. In

Table 5.5, household and regional characteristics, area and wave dummies, the constant, and

the time-averaged values are included as covariates in the estimation but excluded from the

table for brevity. Appendix 5-II shows full results of Table 5.5(a). Because the coefficients

in the probit model do not represent marginal effects, Table 5.5 indicates average partial

effects (APE). In Columns (1)-(4), standard errors (SE) are clustered at the household level.

In Columns (5)-(8), I obtain SE by bootstrapping with repetitions 200 to adjust SE for the

two-step estimation (Wooldridge 2015).

In Columns (1)-(4) of Table 5.5(a), I find no evidence that the double-cropping is associ-

ated with the probability of children’s school enrollment. If I control for time-variant hetero-

geneity by the CF approach, the generalized residuals obtained in the first-step estimation

for Dit is significant in Column (6), which implies that Dit is endogenous by the Hausman

test. Then, Column (6) shows that the double-cropping significantly promotes children’s

enrollment on primary schools by 7 percentage points (pp), which supports Hypothesis 3.

I then examine heterogeneous effects by households’ asset levels in Table 5.5(b). In

Columns (1) and (2), the double-cropping is positively associated with the probabilities

that children within the poorest households with no asset enroll in pre-primary schools and

primary schools by 17 pp and 32 pp, respectively. However, the probabilities of children’s

enrollment in pre-primary and primary schools tend to decrease by 1 pp and 2 pp, respec-

tively, as household asset levels increase by 1%, which supports Hypothesis 4. In contrast,

I find no statistical significance for the probabilities that children enroll in lower-secondary

schools and take the PSLE in Columns (3) and (4).

If the CRE probit model is combined with the CF approach, generalized residuals obtained

in the first-step estimation for Dit and Dit× ln(Assetit+1) are not individually significant in

Columns (5)-(8). Thus, I find no evidence that Dit and Dit× ln(Assetit+1) are endogenous.

However, the sizes of estimated APEs for Dit in Columns (5) and (6) become small (0.08 and

0.20) relative to those in Columns (1) and (2) (0.16 and 0.30). Without controlling for time-

variant heterogeneity, the estimated coefficients for Dit could reflect the reverse causality.
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Table 5.5: CRE Probit Estimates of APEs for Children’s Enrollment in Schools

CRE model uncombined with CF CRE model combined with CF

(1) (2) (3) (4) (5) (6) (7) (8)
Pre- Primary Lower- Take Pre- Primary Lower- Take
Primary Secondary PSLE Primary Secondary PSLE

(a) Exclude the interaction term Dit × ln(Assetit + 1)

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.00
(0.58)

0.02
(0.17)

-0.00
(0.86)

0.01
(0.50)

-0.02
(0.43)

0.07∗∗

(0.01)
-0.01
(0.61)

0.01
(0.77)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

-0.00
(0.34)

0.00
(0.87)

0.00
(0.52)

-0.00
(0.88)

-0.00
(0.46)

-0.00
(0.96)

0.00
(0.53)

-0.00
(0.89)

Generalized residuals:
Generalized residuals for Dit 0.02

(0.17)
-0.04∗∗

(0.02)
0.01
(0.45)

0.01
(0.71)

(b) Include the interaction term Dit × ln(Assetit + 1)

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.16∗

(0.06)
0.30∗∗

(0.02)
-0.02
(0.81)

-0.01
(0.95)

0.08
(0.27)

0.20∗

(0.06)
0.10∗

(0.09)
0.12
(0.26)

Dit× ln(Assetit+1) (interac-
tion term)

-0.01∗

(0.07)
-0.02∗∗

(0.02)
0.00
(0.82)

0.00
(0.89)

-0.01
(0.16)

-0.01
(0.28)

-0.01∗

(0.08)
-0.01
(0.26)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

0.00
(0.92)

0.01
(0.20)

0.00
(0.79)

-0.00
(0.82)

-0.00
(0.99)

0.00
(0.62)

0.00
(0.24)

0.00
(0.68)

Generalized residuals:
Generalized residuals for Dit 0.00

(0.99)
-0.03
(0.28)

0.00
(0.96)

-0.01
(0.66)

Generalized residuals for
Dit × ln(Assetit + 1)

0.06
(0.37)

-0.02
(0.85)

0.03
(0.68)

0.07
(0.44)

F statistic (p-values in parenthesis)
β1j = β2j = 0 (coefficients for
Dit and Dit × ln(Assetit) + 1)

3.61
(0.16)

6.99∗∗

(0.03)
0.09
(0.96)

0.47
(0.79)

2.50
(0.29)

7.84∗∗

(0.02)
3.02
(0.22)

1.27
(0.53)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE. Significance levels:
∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I use SE clustered at the household level in Columns (1)-(4) and SE by
bootstrapping with 200 repetitions in Columns (5)-(8). For other covariates, see full results in Table A22 of Appendix 5-II.

105



That is, expectations for children’s school enrollment promote farmers to cultivate in the

short rainy season, regardless of whether the double-cropping really enables their children

to enroll in schools, which leads to the overestimation in Columns (1) and (2).

However, I still find that Dit and Dit × ln(Assetit + 1) are jointly significant in Column

(6), as the F test for β1j = β2j = 0 in Equation (5.4.2) shows. Thus, the benefit of the

double-cropping is the strongest for the poorest households with no asset and shrinks as

households’ wealth levels increase.

In Columns (7) and (8) of Table 5.5(b), I find that estimated APEs for Dit are positive

and those for Dit × ln(Assetit + 1) are negative, which are different from estimated signs

in Columns (3) and (4). In particular, Column (7) shows that the probability of children’s

enrollment in lower-secondary schools significantly increases by 10 pp if the poorest house-

holds cultivate in both rainy seasons, and decreases by 1 pp per 1% increase of household

asset levels. Although educational expenses for lower-secondary schools are even higher than

those for pre-primary and primary schools (see Figure 5.2), the additional cultivation in the

short rainy season enables farmers to make their children enroll in lower-secondary schools.

The reverse causality, which was observed for pre-primary and primary schools, does not

seem to work for lower-secondary schools. This may be attributed to the discontinuity be-

tween primary and lower-secondary schools. Farmers may be weakly motivated to make their

children go on to lower-secondary schools, compared with primary schools. Then, farmers

may not be inclined to utilize the short rainy season to prepare for children’s enrollment in

lower-secondary schools.

Children’s Continuation of Schools without Dropping Out

Using the pooled CRE Tobit model, Table 5.6 displays the estimation results on the number

of children who continue to attend schools since one year before the interview time. Ta-

ble 5.6(a) does not include the interaction term Dit × ln(Assetit + 1) in covariates, whereas

Table 5.6(b) includes it. The pooled CRE Tobit model and the CF approach are not combined

in Columns (1)-(3), but they are combined in Columns (4)-(6). Household and regional char-

acteristics, area and wave dummies, and time-averaged-values are included in the analysis

but omitted for brevity For full results of Table 5.6(a), see Appendix 5-II.

Contrary to my expectation, Table 5.6 shows that the double-cropping has no significant

impacts on the children’s school continuation in all columns, regardless of whether the in-

teraction term Dit × ln(Assetit + 1) is included or not. In Column (5), the two generalized

residuals are significant, which implies that Dit and Dit × ln(Assetit +1) are endogenous by

the Hausman test. Then, the coefficient for Dit becomes positive in Column (5), compared

with the negative coefficient in Column (2). However, it is still insignificant.

I provide three possible explanations for different results between children’s school en-
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Table 5.6: CRE Tobit Estimates of APEs for the Number of Children Continuing to Attend Schools

CRE model uncombined with CF CRE model combined with CF

(1) (2) (3) (4) (5) (6)
Pre- Primary Lower- Pre- Primary Lower-
Primary Secondary Primary Secondary

(a) Exclude the interaction term Dit × ln(Assetit + 1)

Double-cropping and assets:
Dit (double-cropping)
(dummy)

-0.01
(0.26)

0.01
(0.81)

-0.01
(0.52)

0.00
(0.91)

-0.00
(0.98)

-0.01
(0.84)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

-0.00
(0.63)

-0.00
(0.71)

-0.00
(0.59)

-0.00
(0.62)

-0.00
(0.72)

-0.00
(0.60)

Generalized residuals:
Generalized residuals for Dit -0.00

(0.70)
0.02
(0.49)

0.01
(0.64)

(b) Include the interaction term Dit × ln(Assetit + 1)

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.01
(0.88)

-0.22
(0.35)

-0.06
(0.56)

-0.04
(0.39)

0.10
(0.65)

-0.01
(0.95)

Dit× ln(Assetit+1) (interac-
tion term)

-0.00
(0.75)

0.02
(0.33)

0.00
(0.62)

0.00
(0.47)

-0.01
(0.35)

0.00
(0.82)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

-0.00
(0.80)

-0.01
(0.41)

-0.00
(0.46)

-0.00
(0.50)

0.00
(0.76)

-0.00
(0.47)

Generalized residuals:
Generalized residuals for Dit -0.01

(0.46)
-0.12∗∗

(0.03)
0.05
(0.19)

Generalized residuals for
Dit × ln(Assetit + 1)

0.04
(0.49)

0.59∗∗∗

(0.00)
-0.16
(0.17)

F statistic (p-values in parenthesis)
β1j = β2j = 0 (coefficients for
Dit and Dit × ln(Assetit + 1))

0.77
(0.46)

0.55
(0.58)

0.31
(0.73)

0.84
(0.66)

3.23
(0.20)

0.39
(0.82)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I use SE clustered at the household
level in Columns (1)-(3) and SE by bootstrapping with 200 repetitions in Columns (4)-(6).
For other covariates, see full results in Table A23 of Appendix 5-II.
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rollment and continuation. First, the start of schooling, or children’s enrollment, quickly

follows the short rainy season, as Table 5.3 shows. Thus, the additional agricultural income

in the short rainy season may work effectively for children’s school enrollment, rather than

their school continuation thereafter. Second, the cultivation in the short rainy season may

work as a one-time positive income shock. Appendix 5-II examines the frequency of farmers’

double-cropping and indicates that farmers do not always cultivate in both rainy seasons.

Through the determinant analysis at the plot level, the previous chapter suggested that the

maintenance of soil nutrients is an important factor for the double-cropping. If maintaining

soil nutrients is difficult, farmers may temporarily cultivate in the short rainy season to cover

expenses for new events such as school enrollment, rather than continual expenses for daily

activities such as school continuation. Third, farmers who obtain additional agricultural in-

come in the short rainy season may increase the schooling of children disproportionately

between girls and boys, which may obscure the impacts of the double-cropping. Previous

studies found different income effects on the schooling of children by gender (Gubert and

Robilliard 2008; Björkman-Nyqvist 2013; Mani et al. 2013). I will discuss gender-differential

effects later.

5.5.2 Different Impacts by Wealth Levels

The previous results on children’s enrollment indicate that the impacts of the double-cropping

on children’s enrollment is the strongest for the poorest households with no asset and shrink

as household asset levels increase. However, it is still unclear whether the benefits of the

double-cropping last over a wide range of asset levels, or disappear at the moderate asset

levels.

Figure 5.7 shows how the predicted probabilities of children’s enrollment in primary and

lower-secondary schools change by asset levels, provided that farmers cultivate in both rainy

seasons (Dit = 1). The log of household asset values per adult equivalent is placed in the

horizontal axis. The 95% confidence intervals (CI) are depicted together at 10th, 25th, 50th,

75th, and 90th quantiles of the asset values (Appendix 5-II depicts the histogram of original

asset values).

Figures 5.7(a) and 5.7(b) show that the predicted probabilities of children’s enrollment in

primary and lower-secondary schools decrease by around 2 pp from 10th to 90th quantiles,

which is even lower than the increased probabilities of enrollment caused by the double-

cropping itself (recall that the APEs for Dit are 0.20 in Column (6) and 0.10 in Column (7)

in Table 5.5).

Therefore, the effects of the double-cropping on children’s enrollment remain over wide

ranges of asset levels. This suggests that the additional cultivation in the short rainy season

can be a useful strategy for both poor and wealthy farmers to cover educational expenses.
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Figure 5.7: Predicted Probability of Children’s Enrollment with 95% Confidence Intervals at 10th, 25th,
50th, 75th, 90th Quantiles of Asset Values
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5.5.3 Robustness Check

For the robustness check, I restrict my dataset to households with children at the official ages

from pre-primary to lower-secondary schools (5-17). Using the CF approach, Appendix 5-II

shows results including the interaction term Dit × ln(Assetit + 1). I still obtain the same

findings.

For another robustness check in Appendix 5-II, I change the dummy variable for the

double-cropping (Dit) by acres of land planted during the short rainy season. I find that

acres of planted land are positively associated with the probability for children to enroll in

lower-secondary schools and take the PSLE. Moreover, these probability increases are weaken

as households’ asset levels increase.

5.6 Discussions

5.6.1 Impacts on Household Educational Expenditure

I examine whether and how the double-cropping enables farmers to incur more educational

expenses. Combining the pooled CRE Tobit model with the CF approach, Table 5.7 displays

estimation results of household’s educational expenses (Tsh) for school fees, books and ma-

terial, uniform, transport, extra tuition, other contribution, and cost of meals, separately by

(a) pre-primary schools, (b) primary schools, and (c) lower-secondary schools. In the last

column, I estimate total educational expenses in each school. In Table 5.7, I include the

interaction term Dit × ln(Assetit + 1) in covariates, because the heterogeneity by economic

levels plays an important role in my previous results. I transform these educational expenses

in logarithm after adding one to original values because educational expenditures are large

monetary values and the Tobit model crucially relies on the normality assumption of the id-

iosyncratic error (Cameron & Trivedi 2010). I use the same covariates as my main analysis,

except that I add to covariates the number of children attending private schools. I obtain

SE by bootstrapping with repetitions 200.

In Columns (2) and (3), educational expenses for books and materials and uniforms

increase in pri-primary and primary schools if farmers cultivate in both rainy seasons, and

decrease as asset levels increase. In Column (6), expenses for other contributions in primary

schools also increase by the double-cropping, and decrease as asset levels increase. These

results are in line with the observation in the Background Information that farmers must

incur educational costs such as books and materials, uniform, and informal contributions

even in the compulsory education. Therefore, the additional agricultural income in the short

rainy season enables farmers to address educational expenses uncovered in public educational

services. Although books, materials, uniforms, and contributions may not be essential for the
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Table 5.7: CF-CRE Tobit Estimates of Educational Expenses

(1) (2) (3) (4) (5) (6) (7) (8)
School Books & Uniform Transport Extra Other Cost of Total

Explanatory Variable Fee Material Tuition Contrib. Meals Exp.

(a) Educational Expenses in Pre-Primary Schools

Dit (double-cropping)
(dummy)

1.21
(0.22)

2.65∗∗

(0.03)
3.37∗∗

(0.02)
0.34
(0.55)

-1.97∗∗

(0.03)
1.82
(0.11)

0.01
(0.99)

3.50∗∗∗

(0.01)
Dit × ln(Assetit + 1) (inter-
action term)

-0.10
(0.16)

-0.20∗∗

(0.02)
-0.25∗∗

(0.01)
-0.03
(0.44)

0.10
(0.11)

-0.12
(0.16)

-0.01
(0.84)

-0.27∗∗∗

(0.00)
ln(Assetit+1) (log of house-
hold asset values in Tsh)

0.03
(0.43)

0.07
(0.17)

0.08
(0.19)

0.01
(0.64)

-0.01
(0.78)

0.04
(0.45)

-0.02
(0.68)

-0.03
(0.62)

(b) Educational Expenses in Primary Schools

Dit (double-cropping)
(dummy)

0.26
(0.47)

3.13∗∗∗

(0.01)
3.66∗∗∗

(0.01)
0.02
(0.94)

-1.55∗∗

(0.02)
3.18∗∗∗

(0.00)
-0.40
(0.60)

3.32∗∗∗

(0.01)
Dit × ln(Assetit + 1) (inter-
action term)

-0.02
(0.56)

-0.21∗∗∗

(0.01)
-0.26∗∗∗

(0.01)
0.00
(0.91)

0.08∗

(0.08)
-0.19∗∗

(0.02)
0.00
(0.93)

-0.24∗∗∗

(0.01)
ln(Assetit+1) (log of house-
hold asset values in Tsh)

0.02
(0.13)

0.08
(0.10)

0.08
(0.13)

0.00
(0.75)

-0.00
(0.99)

0.05
(0.24)

-0.02
(0.51)

-0.01
(0.93)

(c) Educational Expenses in Lower-Secondary Schools

Dit (double-cropping)
(dummy)

0.02
(0.98)

-0.16
(0.86)

0.13
(0.89)

-0.04
(0.92)

-0.48
(0.44)

-1.09
(0.18)

-0.32
(0.64)

-0.22
(0.85)

Dit × ln(Assetit + 1) (inter-
action term)

-0.01
(0.83)

0.00
(0.98)

-0.02
(0.75)

0.00
(0.89)

0.01
(0.81)

0.06
(0.28)

0.02
(0.63)

-0.01
(0.93)

ln(Assetit+1) (log of house-
hold asset values in Tsh)

0.00
(0.99)

0.00
(0.93)

0.02
(0.65)

-0.01
(0.65)

0.01
(0.58)

-0.00
(0.95)

-0.03
(0.18)

-0.03
(0.45)

Note: Sample size: N = 11, 031. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 with p-values. I obtain SE by bootstrapping
with repetitions 200.
Other covariates omitted from the table: age, gender, and educational years by household head, adult equivalents, numbers of
children aged 5-17 and adults aged 18-60, acres of owned land, membership to SACCO, residence in urban areas, holding of
non-agricultural occupations, rainfall in cultivation period and sum of rainfall over five years in each long and short rainy season,
area and wave dummies, number of children attending private schools, time-averaged values

111



schooling of children, these results suggest that farmers who obtain additional agricultural

income can afford to allocate more income to the children’s education. In Column (8), the

total educational expenditures in pre-primary and primary schools are also significantly

increased if farmers cultivate in both rainy seasons, although extra tuition decreases in these

schools.

In contrast, I find no statistical significance in lower-secondary schools. This insignificance

may be attributed to the selective nature of lower-secondary schools. Pre-primary and pri-

mary schools are open to wide ranges of children in Tanzania. Children may be able to attend

pre-primary and primary schools even if they have no books, materials, and uniforms. How-

ever, children must pass the PSLE to go on to lower-secondary schools (the pass rate is 38%,

as was explained). Households who intend to make their children go on to lower-secondary

schools need to be well-motivated and finish preparing for their schooling from the period of

enrollment. Thus, the double-cropping may not increase educational expenditure for specific

items in lower-secondary schools.

5.6.2 Gender-Differential Impacts

I further examine whether the double-cropping affects the schooling of children differently

by girls and boys. Combining the pooled CRE probit/Tobit models with the CF approach,

Table 5.8 displays estimation results for the probability of children’s enrollment and the

number of children continuing schools separately by (a) girls and (b) boys. The interaction

term Dit × ln(Assetit + 1) is included in covariates.

In Columns (2) and (3) of Table 5.8(a), the double-cropping increases the probability

of girls’ enrollment in primary and lower-secondary schools, while these effects decrease as

asset levels increase (both F tests are significant). Moreover, the estimated coefficients for

Dit in primary and lower-secondary schools, 0.18 and 0.07, are similar to the estimated

coefficients in Columns (6) and (7) of Table 5.5(b) (0.20 and 0.10). In contrast, I find no

statistical significance for boys’ enrollment in these schools, although the coefficients for Dit

are positive in all columns. Therefore, the previous results in Table 5.5(b) strongly reflect

girls’ school enrollment.

In Columns (5)-(7), I find no evidence that the double-cropping promotes girls to con-

tinue to attend schools. In contrast, I find some significant results for boys. In Column (5),

the double-cropping discourages boys from continuing to attend pre-primary schools, while

this negative effect becomes weaker as asset levels rise. This odd result may be attributed

to my definition of the school continuation, which does not count children’s enrollment in

primary schools after graduating from pre-primary schools (i.e., the transition from PP to

D1 in Table 5.1). Farmers who obtain additional income by the double-cropping may make

their boys enroll in primary schools (not significant though) rather than stay in pre-primary
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Table 5.8: CF-CRE Probit/Tobit Estimates of APEs for Girls’ and Boys’ School Enrollment and Continuation

Enrollment in school Continuation of school

(1) (2) (3) (4) (5) (6) (7)
Pre- Primary Lower- Take Pre- Primary Lower-
Primary Secondary PSLE Primary Secondary

(a) Schooling of girls

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.08
(0.18)

0.18∗∗

(0.05)
0.07
(0.17)

0.11
(0.18)

0.03
(0.40)

-0.18
(0.30)

-0.08
(0.33)

Dit× ln(Assetit+1) (interac-
tion term)

-0.01
(0.21)

-0.01
(0.15)

-0.01∗

(0.06)
-0.01∗

(0.09)
-0.00
(0.23)

0.01
(0.26)

0.01
(0.24)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

0.00
(1.00)

-0.00
(0.77)

0.00
(0.30)

0.00
(0.38)

-0.00
(0.97)

-0.01∗

(0.08)
-0.01∗∗

(0.01)

F statistic (p-values in parenthesis
β1j = β2j = 0 (coefficients for
Dit and Dit × ln(Assetit) + 1)

1.78
(0.41)

5.86∗

(0.05)
5.23∗

(0.07)
4.40
(0.11)

2.25
(0.32)

1.29
(0.52)

1.55
(0.46)

(b) Schooling of boys

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.02
(0.72)

0.04
(0.67)

0.05
(0.33)

0.02
(0.75)

-0.07∗∗

(0.04)
0.28
(0.18)

0.07
(0.35)

Dit× ln(Assetit+1) (interac-
tion term)

-0.00
(0.43)

0.00
(0.91)

-0.00
(0.54)

0.00
(1.00)

0.01∗∗

(0.03)
-0.03∗∗

(0.05)
-0.00
(0.39)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

-0.00
(0.91)

0.00
(0.35)

0.00
(0.24)

-0.00
(0.75)

-0.00
(0.36)

0.01∗

(0.05)
0.00
(0.14)

F statistic (p-values in parenthesis)
β1j = β2j = 0 (coefficients for
Dit and Dit × ln(Assetit) + 1)

2.09
(0.35)

3.33
(0.19)

1.91
(0.39)

1.06
(0.59)

4.79∗

(0.09)
8.33∗∗

(0.02)
0.89
(0.64)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I obtain SE by bootstrapping with 200
repetitions in all columns.
Other covariates omitted from the table: age, gender, and educational years by household head, adult equivalents,
numbers of children aged 5-17 and adults aged 18-60, acres of owned land, membership to SACCO, residence in
urban areas, holding of non-agricultural occupations, rainfall in cultivation period and sum of rainfall over five
years in each long and short rainy season, area and wave dummies, time-averaged values
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schools, which may decrease boy’s continuation of pre-primary schools. This problem does

not occur in primary and lower-secondary schools because children at the top grades of these

schools can be distinguished in the NPS.

However,Dit andDit×ln(Assetit+1) are jointly significant in Column (6), suggesting that

the double-cropping promotes boys to continue to attend primary schools, while its effects

decrease by asset levels. The positive coefficient for Dit (0.28) is in contrast with the negative

coefficient in girls (−0.18), which may obscure the impacts of the double-cropping in Column

(5) of Table 5.6(b). Some studies found that households tend to protect boys’ education

against negative shocks at the expense of education of older girls, who are responsible for

household chores (Gubert and Robilliard 2008; Björkman-Nyqvist 2013). Farmers may seek

to protect investments in boys’ education by preventing their dropping-out (Thomas et al.

2004).

5.6.3 Child Labor in the Short Rainy Season

I examine child labor in the short rainy season because children’s working on the farm may

discourage their schooling (Amin et al. 2006; Emerson et al. 2017; Dunne and Humphrey

2022). Figure 5.8 compares child and adult labor for (i) land preparation and planting, (ii)

weeding, ridging, and fertilizing, and (iii) harvesting and threshing in each of the long and

short rainy seasons (Value scales are adjusted between children and adults for viewability).

In all farm activities, the amounts of child labor are smaller in the short rainy season by

around two days than in the long rainy season. Moreover, days of child labor are even smaller

than days of adult labor in both rainy seasons except for harvesting and threshing, which

suggests that Tanzanian farmers do not heavily rely on child labor in agricultural activities,

in particular during the short rainy season.

Summing up days of child labor over all agricultural activities, I estimate the impacts of

the double-cropping on total days of child labor during the short rainy season. Combining the

pooled Tobit model with the CRE and CF approach under the same covariates as the main

analysis, Table 5.9 displays estimation results. Table 5.9 shows that the double-cropping

increases total days of child labor by around 18 days among the poorest households with no

asset, which is consistent with the observation in Figure 5.8 that the average days of child

labor are around 6 days in each of the three agricultural activities. Because the F statistic is

significant, total days of child labor decrease by 0.80 days if household asset values increase

by 1%.

I then examine whether increased child labor during the short rainy season discourages

the schooling of children. Combining the pooled probit/Tobit models with the CRE and CF

approach, Table 5.10 shows estimation results of children’s school enrollment and contin-

uation in each school. I replace Dit and Dit × ln(Assetit + 1) by total days of child labor
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Figure 5.8: Days of Child and Adult Labor for the Cultivation in Long and Short Rainy Seasons

Table 5.9: Pooled CF-CRE Tobit Estimates of APEs for Total Days of Child
Labor in the Short Rainy Season

Total Days of Child Labor
Explanatory Variables in the Short Rainy Season

Dit (double-cropping) (dummy) 18.17∗∗

(0.02)
Dit × ln(Assetit + 1) (interaction
term)

-0.80
(0.41)

ln(Assetit + 1) (log of asset values) 0.59∗∗∗

(0.01)

F statistic (p-values in parenthesis):
β1j = β2j = 0

16.89∗∗∗

(0.00)

Note: Sample size: N = 11, 031. Significance levels: ∗ p<0.1, ∗∗ p<0.05, ∗∗∗ p<0.01
in parenthesis. I obtain SE by bootstrapping with 200 repetitions.
I use the same covariates as Table A22, though they are omitted from the table.
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Table 5.10: CF-CRE Probit/Tobit Estimates of APEs for Children’s Enrollment in and Continuation of School on
Total Days of Child Labor during the Short Rainy Season

Enrollment in school Continuation of school

(1) (2) (3) (4) (5) (6) (7)
Pre- Primary Lower- Take Pre- Primary Lower-
Primary Secondary PSLE Primary Secondary

Double-cropping and assets:
Total days of child labor in short rain -0.00

(0.38)
-0.00
(0.23)

-0.00
(0.79)

0.00
(0.82)

-0.00∗∗

(0.03)
-0.00
(0.61)

-0.00
(0.66)

Interaction term between child labor
days in short rain and ln(Assetit +1)

0.00∗

(0.09)
0.00
(0.11)

0.00
(0.49)

0.00
(0.64)

0.00
(0.17)

0.00
(0.83)

0.00
(0.87)

ln(Assetit + 1) (log of household as-
set values in Tsh)

-0.01
(0.17)

-0.00
(0.80)

0.00
(0.68)

-0.00
(0.64)

-0.00
(0.63)

-0.00
(0.81)

-0.00
(0.67)

F statistic (p-values in parenthesis
β1j = β2j = 0 3.16

(0.21)
2.64
(0.27)

0.67
(0.72)

1.57
(0.46)

4.97∗

(0.08)
0.54
(0.76)

0.32
(0.85)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I obtain SE by bootstrapping with 200
repetitions in all columns.
Other covariates omitted from the table: age, gender, and educational years by household head, adult equivalents,
numbers of children aged 5-17 and adults aged 18-60, acres of owned land, membership to SACCO, residence in
urban areas, holding of non-agricultural occupations, rainfall in cultivation period and sum of rainfall over five
years in each long and short rainy season, area and wave dummies, time-averaged values.

during the short rainy season and their interaction term with ln(Assetit+1), although other

covariates are the same as the main analysis. In the first stage of the CF approach, I use

the same IVs because child labor in the short rainy season is necessary only when farmers

cultivate in this season. I find that the proportion of the double-cropping for each district

and NINO3.4 are individually significant in the two estimations of child labor days and their

interaction term, although the results are not displayed here.

In Column (1), the interaction term is significantly positive, which suggests that house-

holds with more assets can make their children enroll in pre-primary schools. In Column

(5), child labor in the short rainy season discourages children from continuing to attend

pre-primary schools. Because the F statistic is significant, households with more assets can

make their children attend pre-primary schools without dropping out.

However, I find no statistical significance in other types of schools, although the coefficient

for child labor days in the short rainy season is negative in all columns. Moreover, all the

coefficients for child labor days are tiny. In Column (5), if total days of child labor during the

short rainy season are 18 days, the number of children who continue to attend pre-primary

schools declines by only around 0.06 among the poorest households with no asset. Although

child labor during the short rainy season may interrupt daily school activities by children, it

does not have clear adverse effects on school enrollment and continuation by children.
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5.6.4 Impacts of the Educational Reform in 2016

Finally, I examine how the impacts of the double-cropping were changed by the fee-free edu-

cation. I introduce a period dummy equaling one after the reform and create its interaction

terms with Dit and Dit× ln(Assetit+1). Appendix 5-II shows that the double-cropping after

the educational reform is negatively associated with the number of non-schooling children

at official ages of pre-primary schools (5-6). This result coincides with the explanation in

the Background Information that the GER for pre-primary schools considerably increased

in 2016. The educational reform may contribute to early education of children through en-

hancing the potential role of the short rainy season in Tanzania.15

5.7 Conclusion

Using the six waves from 2008/09 to 2020/21 of the Tanzanian NPS, I investigated whether

farmers’ double-cropping over the long and short rainy seasons promotes children’s enroll-

ment and attendance at schools. Controlling for unobserved time-constant and time-variant

heterogeneity, I found that the double-cropping increases the probability of children’s en-

rollment in primary and lower-secondary schools. Moreover, farmers who cultivate in both

rainy seasons make their girls, rather than boys, enroll in these schools. In contrast, the

double-cropping promotes boys to continue to attend primary schools without dropping out.

These benefits of the double cropping weaken as household asset levels rise, but remain over

wide ranges of asset levels. I further showed that the additional agricultural income in the

short rainy season enables farmers to address educational expenses uncovered in public edu-

cational services. Although the double-cropping increases child labor during the short rainy

season, I find no clear adverse effects on school enrollment and continuation by children.

There are two policy implications. First, we should design policies to support the double-

cropping by Tanzanian farmers in order to reduce educational inequality and promote female

education. For example, fertilizer subsidies, irrigation, and land tenure may be desirable be-

cause the maintenance of soil nutrients, water management, and land ownership are impor-

tant factors for the double-cropping, as shown in the previous chapter. Second, the cultivation

in the short rainy season can be a strategic option for farmers to address wide economic is-

sues. Farmers can address a lack of food and cash income by cultivating in the short rainy

season. Therefore, the cultivation in the short rainy season may work as farmers’ livelihood

strategies to address the lack of cash necessary for life events such as marriage and moving.

Further possibilities for the double-cropping should be explored in the future.

15I find no evidence on gender heterogeneity in this analysis.
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Chapter 6

Conclusion

6.1 Findings of Each Chapter

This thesis has explored potential sources of heterogeneity of livelihood strategies by farmers’

economic levels through crop diversification and cultivation in a secondary cropping season.

In Chapter 2, I first constructed the economic framework of the subsistence constraint as

a conceptual foundation of subsequent chapters. In each of Chapters 3-5, this thesis used

this framework to conceptually explain how the adoption of crop diversification and wel-

fare impacts of the double-cropping are different by farmers’ economic levels. Each chapter

conducted empirical analyses to provide supporting evidence for the conceptual framework,

using the Tanzanian NPS.

The second chapter introduced a generalized functional form of the subsistence constraint

(f(x) ≥ R). I firstly showed that the subsistence constraint is binding for a solution (f(x) =

R) when the MRS there does not coincide with the price ratio. This binding condition depicts

a situation where the consumer prefers balanced consumption but has to specialize in certain

goods for survival. If the budget constraint is also binding (p · x = I), solutions under the

subsistence constraint are given at the intersection between the budget and subsistence

lines. This property was frequently used to depict solutions in the conceptual frameworks

of subsequent chapters. I also showed that the price ratio lies between two marginal rates

of substitution for a utility function u and subsistence function f at a solution. Finally,

I propose a hypothesis for subsequent chapters on farmers’ livelihood strategies. That is,

farmers’ production decisions and welfare impacts are heterogeneous between poor and non-

poor farmers, based on their different purposes: to preserve the subsistence requirement or

to improve the quality of livelihoods.

The third chapter showed that poor and non-poor farmers are differently motivated for

crop diversification. Poor farmers, who fear the possibility that the subsistence requirement

is not attained and who aspire to enjoy balanced dietary intakes, change crop diversity for

118



robust food security. In contrast, non-poor farmers, who can afford to sell harvests beyond

self-consumption, adopt crop diversification to stabilize market income. Therefore, different

motivations for crop diversification between poor and non-poor result from different liveli-

hood priorities, that is, food security v.s. market income.

The fourth chapter showed that the cultivation in a secondary cropping season improves

farmers’ food security during the lean season in Tanzania. Farmers who cultivate in the

short rainy season gain more caloric intakes and realize more dietary diversity. These welfare

improvements are stronger for smallholders with small farm size. In particular, farmers who

have no occupations except agriculture gain more caloric intakes by cultivating in the short

rainy season, whereas farmers have non-farm occupations realize more dietary diversity by

the cultivation. The cultivation in the short rainy season may have different channels of

welfare improvements because farmers’ livelihood priorities are different by the existence of

off-farm income sources. If farmers have no income sources during the lean season, they suffer

from extreme poverty and first and foremost prioritize consuming high-caloric food to ease

hunger. Thus, these farmers spend additional agricultural income in the short rainy season

on improving caloric intakes. In contrast, if farmers have off-farm income during the lean

season, they meet basic caloric needs but still aspire to enjoy consuming a variety of foods

in severe conditions of food markets during the lean season. Thus, they spend additional

agricultural income in the short rainy season on improving dietary diversity.

The fifth chapter showed that the double-cropping in a secondary cropping season after

the main one improves the schooling of children among Tanzanian farmers. If farmers culti-

vate in both two rainy seasons, their children, in particular girls, are more likely to enroll in

primary and lower-secondary schools. In contrast, farmers who cultivate in both two rainy

seasons make boys continue to attend primary schools without dropping out from there.

Moreover, these effects are stronger for asset-poor farmers than for asset-rich farmers. The

effects of the double-cropping on the schooling of children may be different in magnitude

because of different priorities of consumption between necessities and non-necessities. Asset-

poor farmers prioritize consuming necessities in their livelihoods (e.g., food) and restrict

their consumption of non-necessities (education). Thus, the additional agricultural income

in the short rainy season enables them to consume more amounts of non-necessities rel-

ative to necessities. In contrast, asset-rich farmers, whose consumption of non-necessities

are not restricted, do not change their consumption patterns even if they obtain additional

agricultural income in the short rainy season.

The fourth and fifth chapters showed that the double-cropping is more effective for poor

farmers with small farm size and low levels of assets than for wealthy farmers. Because the

double-cropping has a potential to reduce farmers’ economic inequality, we should target

poor farmers when promoting the implementation of the double-cropping.
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6.2 Policy Implication

The findings in the preceding three chapters support the hypothesis in Chapter 2. I found that

the adoption of crop diversification and the welfare impacts of the cultivation in the secondary

cropping season are heterogeneous by farmers’ economic levels. As shown in Chapter 2, the

subsistence constraint becomes binding when income is low or prices of necessities are high.

Thus, poor farmers care about whether they fall into low income or when prices of necessities

become high. In contrast, non-poor consumers does not need to care about the subsistence

constraint and attempt to improve the quality of livelihood (e.g., dietary diversity, non-food

consumption), rather than to preserve livelihood requirement (e.g., caloric intakes). The two

livelihood strategies in this thesis reduce the possibility that farmers fall into low income and

improve their food security when food prices tend to be high, which leads to the heterogeneity

by farmers’ economic levels.

The findings in the preceding three chapters suggest that the heterogeneity of farm-

ers’ livelihood strategies comes from different livelihood priorities by economic levels. Poor

farmers have to preserve the minimum requirements of livelihoods. Thus, poor farmers’ mo-

tivations to adopt livelihood strategies and their welfare impacts are closely linked to types

of livelihood requirement behind (e.g., basic caloric needs). In contrast, non-poor farmers

can afford to pursue livelihood strategies without caring about the minimum requirement

of livelihoods. To clarify sources of heterogeneity in farmers’ livelihood strategies, we must

consider how consumption patterns of poor farmers are restricted for survival, or put it in

another way, a form of the subsistence constraint.

Considering different livelihood priorities by farmers’ economic levels is useful to build

policy tools to promote livelihood strategies. For example, consider a subsidy program that

provides farmers with seeds. If we aim to promote crop diversification for poverty reduc-

tion, we should supply seeds of drought-resistant crops (e.g., sorghum, legumes) to prevent

devastating climatic damages to the food security of poor farmers. In contrast, if we aim

to promote crop diversification for risk reduction in markets, we should supply non-poor

farmers with seeds that are expected to produce stable market income if they are planted.

On the other hand, if we aim to promote the double-cropping by providing a seed subsidy

during the short rainy season, we should target poor farmers with small farm size and low

levels of assets. Then, we should supply seeds of staple crops with high caloric contents (e.g.,

maize) to farmers who cannot rely on non-agricultural income sources and who suffer from

extreme poverty during the lean season. In contrast, we should supply seeds of non-staple

crops (e.g., legumes, vegetables) to farmers who can rely on non-agricultural income sources

but who still aspires to enjoy consuming a variety of food.

Therefore, when we construct a policy of livelihood strategies, we must consider whether
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farmers’ priorities in their livelihoods are different by economic levels, and if so, how they are

different. Then, we should determine the purpose of the policy in advance to target specific

farmer groups. For example, we must build policies of crop diversification after determining

whether to secure the food security of poor farmers or stabilize the market income of non-

poor farmers. These clarifications enable us to build policies of livelihood strategies which

are suitable for farmers’ livings. The findings in this thesis provide theoretical backgrounds

and empirical evidence to make better agricultural support programs for farmers.

6.3 Future Work

Finally, I state two possibilities of future research. The first possibility is to explore an empir-

ical foundation for the subsistence constraint, although this thesis assumed a specific form of

the subsistence constraint depending on each research topic. Importantly, this thesis derived

microeconomic properties without considering specific utility functions. As Chapter 2 shows,

consumer solutions under the subsistence constraint are given at the intersection between

the budget and subsistence lines. My theoretical framework relies on the identification of the

budget constraint and a form of the subsistence constraint. Thus, my future research aims to

consider various forms of the subsistence constraint and test the validity for each constraint

form, using data on individuals’ income and food choices in low-income countries. If we find

a form of the subsistence constraint which is consistent with real consumption behaviors in

low-income countries, its applicability will be enhanced in development economics.

The second possibility of future research is to build policies to promote farmers’ cultiva-

tion in the short rainy season in Tanzania. Through determinant analyses in Chapter 4, I

showed that the maintenance of soil nutrients, water management, and land ownership are

important factors for the double cropping. To suggest the double-cropping as a policy tool,

my future research aims to conduct a randomized control trial providing Tanzanian farmers

with fertilizer subsidies during the short rainy season, for example, and rigorously estimate

the impacts on farmers’ practices of the double-cropping and on their welfare.
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Supplementary Appendices

Appendices for Chapter 2

Appendix 2-I. Supplementary Information on Theorem 2.2.3

Counterexample of Theorem 2.2.3 at a solution in the boundary of RN
+

Figure A1 provides a counterexample where Theorem 2.2.3 does not hold when xsub is in

the boundary of RN
+ . The functional forms of u and f are given by a linear form with

ui(x) = ci > 0 for all x ∈ V and fi(x) = ϵi > 0 for all x ∈ RN
+ . There is only one feasible

consumption bundle xsub, which lies at the intersection between the budget and subsistence

lines and is the solution. In Figure A1,
p1
p2

<
f1(x

sub)

f2(xsub)
<

u1(x
sub)

u2(xsub)
, where the price ratio does

not lies between the MRS and the subsistence line.

Ordering between ui(x
sub)/uj(x

sub) and pi/pj when “fi(x
sub)/fj(x

sub) = 0/0” in Theorem 2.2.3

In Figure A2, there is only one feasible consumption bundle xsub, which is also the solution.

Moreover, we have f1(x
sub) = f2(x

sub) = 0. Two utility functions in Figure A2, u and v, have

indifference curves with different slopes at xsub, that is,
u1(x

sub)

u2(xsub)
<

p1
p2

<
v1(x

sub)

v2(xsub)
. Therefore,

any ordering between the MRS and price ratio is allowed when “fi(x
sub)/fj(x

sub) = 0/0.”

Proofs on Theorem 2.2.5 and Theorem 2.2.6

Lemma A1. Take any x, x′ ∈ RN
+ such that x ̸= x′ and p · x = p · x′ = I. Let hij ∈ RN

+ be

such that the i-th element is
pj
pi
, the j-th element is −1, and the other elements are zero. Let

I = {(i, j) ∈ N× N | 1 ≤ i, j ≤ N, xi − x
′
i > 0, xj − x

′
j < 0}. Then,

x− x′ =
∑

(i,j)∈I

cijhij

for some c = (cij)(i,j) such that cij > 0 for all i, j ∈ I.
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usub = c1x1 + c2x2

O

f(x) = ϵ1x1 + ϵ2x2 = R

p1x1 + p2x2 = I

xsub

x1

x2

Figure A1: Counterexample of Theorem 2.2.3.

f(x) = min

{
x1

ϵ1
,
x2

ϵ2

}
= R̄

u(x) ≡ t

xsub

x1

x2

O

p · x = I

ϵ2/ϵ1

v(x) ≡ t′

Figure A2: Example of “fi(x
sub)/fj(x

sub) = 0/0.”
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Proof. Let z := x − x′ and zi be its i-th element. Denote by n the number of nonzero

elements in z (1 ≤ n ≤ N). We use induction on n.

Consider n = 2 first. Without loss of generality, suppose zi ̸= 0 for i = 1, 2 and zj = 0

for j = 3, . . . , N . Note
p2
p1

= −
(
z1
z2

)
because p1z1 + p2z2 = 0. If z1 > 0 and z2 < 0, then

z = c12h12, where c12 = −z2 > 0. If z1 < 0 and z2 > 0, then z = c21h21, where c21 = −z1 > 0.

Thus, the claim is true for n = 2.

Assume that the claim is true for n = k. Consider n = k + 1. Because p · z = 0, we must

have both positive and negative elements in z. Without loss of generality, suppose zi ̸= 0

for i = 1, . . . , k, zk+1 > 0, and zj = 0 for j = k + 2, . . . , N . Because p · z = 0, we have

zk+1 = −
k∑

i=1

(
pi

pk+1

)
zi.

If zi < 0 for all 1 ≤ i ≤ k, we have z =
∑k

i=1 ck+1,ihk+1,i, where ck+1,i = −zi > 0. Thus,

suppose zi > 0 for some 1 ≤ i ≤ k. For simplicity, suppose that zi > 0 for all 1 ≤ i ≤ l and

zj < 0 for all l + 1 ≤ j ≤ k. Note zk+1 = vk+1 + wk+1, where vk+1 = −
l∑

i=1

(
pi

pk+1

)
zi and

wk+1 = −
k∑

j=l+1

(
pj
pk+1

)
zj. Thus, z can be separated to two parts as follows:

z = (z1, . . . , zl︸ ︷︷ ︸
l elements

, 0, . . . , 0︸ ︷︷ ︸
(k−l) elements

, vk+1︸︷︷︸
(k+1)th element

, 0, . . . , 0︸ ︷︷ ︸
n−(k+1) elements

)

+ (0, . . . , 0︸ ︷︷ ︸
l elements

, zl+1, . . . , zk︸ ︷︷ ︸
(k−l) elements

, wk+1︸︷︷︸
(k+1)th element

, 0, . . . , 0︸ ︷︷ ︸
n−(k+1) elements

).

In each of the first and second terms above, there are k nonzero elements at most. Recall

that z1, . . . , zl > 0 and vk+1 < 0, whereas zl+1, . . . , zk < 0 and wk+1 > 0. Because the claim

is true for k by the assumption of induction, z can be written as:

z =
l∑

i=1

ci,k+1hi,k+1 +
k∑

j=l+1

ck+1,jhk+1,j

for some ci,k+1 > 0 (i = 1, . . . , l) and ck+1,j > 0 (j = l + 1, . . . , k). Thus, the claim is true for

k + 1. By the principle of induction, we have completed the proof.

Theorem 2.2.5. Let N = 2. Take any (p, I) ∈ R3
++ and any x̄ ∈ B(p, I) ∩ R2

++ such that

f(x̄) = R and p · x̄ = I. Suppose that u is strictly quasi-concave, strictly increasing, and

continuously differentiable in the neighborhood of x̄. Suppose also that f is quasi-concave,

nondecreasing, and continuously differentiable in the neighborhood of x̄, Finally, suppose
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ui(x̄) > 0 and fi(x̄) > 0 (i = 1, 2). If
u1(x̄)

u2(x̄)
<

p1
p2

<
f1(x̄)

f2(x̄)
or

f1(x̄)

f2(x̄)
<

p1
p2

<
u1(x̄)

u2(x̄)
holds,

then x̄ is the unique solution, or Xsub(p, I) = {xsub}.

Proof. Because u is strictly quasi-concave and B(p, I) is a convex set by the quasi-concavity

of f , x̄ is the unique global maximizer if it is a local maximizer. Thus, we will show that x̄

is a local maximizer.

Because u is strictly increasing and f is nondecreasing, p · x = I must hold at a solution.

Thus, take any ϵ > 0 and any v ∈ RN
+ such that ||v|| = 1 and p · v = 0. Let z = ϵv.

If v1 > 0 and v2 < 0, then v = c12h12 = c12

(
p2
p1
, −1

)
(c12 > 0) by Lemma A1. By the

first-order Taylor expansion, we have

f(x̄+z) = f(x̄)+∇f(x̄)·z+o(||z||) = f(x̄)+ϵ×(∇f(x̄)·v)+o(ϵ) = f(x̄)+c12ϵ×
(
f1(x̄)

p2
p1

− f2(x̄)

)
+o(ϵ).

If
f1(x̄)

f2(x̄)
<

p1
p2
, we would have f(x̄ + z) < f(x̄) = R for all sufficiently small ϵ > 0. Thus,

u1(x̄)

u2(x̄)
<

p1
p2

<
f1(x̄)

f2(x̄)
must hold. Then,

u(x̄+ z) = u(x̄) +∇u(x̄) · z + o(||z||) = u(x̄) + c12ϵ×
(
u1(x̄)

p2
p1

− u2(x̄)

)
+ o(ϵ),

which implies u(x̄+ z) < u(x̄) for all sufficiently small ϵ > 0.

If v1 < 0 and v2 > 0, then v = c21h21 = c21

(
−1,

p1
p2

)
(c21 > 0) by Lemma A1. By the

first-order Taylor expansion, we have

f(x̄+ z) = f(x̄) + c21ϵ×
(
f2(x̄)

p1
p2

− f1(x̄)

)
+ o(ϵ).

If
p1
p2

<
f1(x̄)

f2(x̄)
, we would have f(x̄ + z) < f(x̄) = R for all sufficiently small ϵ > 0. Thus,

f1(x̄)

f2(x̄)
<

p1
p2

<
u1(x̄)

u2(x̄)
must hold. Then,

u(x̄+ z) = u(x̄) + c21ϵ×
(
u2(x̄)

p1
p2

− u1(x̄)

)
+ o(ϵ),

which implies u(x̄+ z) < u(x̄) for all sufficiently small ϵ > 0.

Because x̄ is a local maximizer, we have completed the proof.

Theorem 2.2.6. Let N = 2. Take any (p, I) ∈ R3
++ and any x̄ ∈ B(p, I) ∩ R2

++ such that

f(x̄) = R and p · x̄ = I. Suppose that u is strictly quasi-concave, strictly increasing, and
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continuously differentiable in the neighborhood of x̄. Suppose also that f is quasi-concave,

nondecreasing, and continuously differentiable in the neighborhood of x̄, Finally, suppose

uk(x̄) > 0 (k = 1, 2), fi(x̄) > 0, and fj(x̄) = 0. If
ui(x̄)

uj(x̄)
<

pi
pj

holds, then x̄ is the unique

solution, or Xsub(p, I) = {xsub}.

Proof. As in the proof of Theorem 2.2.5, we will show that x̄ is a local maximizer. Because

u is strictly increasing and f is nondecreasing, p · x = I must hold at a solution. Thus, take

any ϵ > 0 and any v ∈ RN
+ such that ||v|| = 1 and p · v = 0. Let z = ϵv.

If vi < 0 and vj > 0, then v = cjihji (cji > 0) by Lemma A1. By the first-order Taylor

expansion, we have

f(x̄+ z) = f(x̄) + cjiϵ×
(
fj(x̄)

pi
pj

− fi(x̄)

)
+ o(ϵ).

Because fi(x̄) > 0 and fj(x̄) = 0, we have f(x̄ + z) < f(x̄) = R for all sufficiently small

ϵ > 0. Thus, vi > 0 and vj < 0 must hold. Then, v = cijhij (cij > 0) by Lemma A1. By the

first-order Taylor expansion, we have

f(x̄+ z) = f(x̄) + cijϵ×
(
fi(x̄)

pj
pi

− fj(x̄)

)
+ o(ϵ).

Thus, we have f(x̄+ z) > f(x̄) = R for all sufficiently small ϵ > 0. Because
ui(x̄)

uj(x̄)
<

pi
pj
, we

have

u(x̄+ z) = u(x̄) + cijϵ×
(
ui(x̄)

pj
pi

− uj(x̄)

)
+ o(ϵ),

which implies u(x̄+ z) < u(x̄) for all sufficiently small ϵ > 0. Because x̄ is a local maximizer,

we have proved the theorem.
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Appendices for Chapter 3

Appendix 3-I. Mathematical Details in the Conceptual Framework

Mathematical Definitions of Concavity and Quasi-Concavity and their implications

In the conceptual framework, the utility function in the second stage, u, is assumed to be

strictly concave. Mathematically, we say u is strictly concave in (c, q) ∈ RJ+K
+ if u

(
α(c, q) +

(1−α)(c′, q′)
)
> αu(c, q)+ (1−α)u(c′, q′) for all α ∈ (0, 1) and all (c, q), (c′, q′) ∈ RJ+K

+ with

(c, q) ̸= (c′, q′). Importantly, u is strictly quasi-concave if it is strictly concave. We say u is

strictly quasi-concave in (c, q) ∈ RJ+K
+ if u

(
α(c, q) + (1 − α)(c′, q′)

)
> min{u(c, q), u(c′, q′)}

for all α ∈ (0, 1) and all (c, q), (c′, q′) ∈ RJ+K
+ with (c, q) ̸= (c′, q′).

To illustrate farmers’ desire to achieve balanced consumption, take two consumption

bundles (c1, q1) and (c2, q2) with (c1, q1) ̸= (c2, q2) from the same indifference curve u ≡
u(c, q) (u ∈ R). By the definition of quasi-concavity, we have u(α(c1, q1) + (1− α)(c2, q2)) >

u(c1, q1) = u(c2, q2) for all α ∈ (0, 1). Thus, the balanced consumption α(c1, q1)+(1−α)(c2, q2)

is preferable to (c1, q1) and (c2, q2).

To illustrate farmers’ risk-averse preferences, consider a land allocation with high crop

diversity EH and a land allocation with low crop diversity EL. Higher degrees of crop di-

versification guarantee secure consumption by stabilizing agricultural income If (ω,E). For

simplicity, suppose that the farmer who adopts EH realizes the expected consumption under

EL certainly for any state, that is,

c(ω,EH) =
∑
ω′∈Ω

π(ω′;h)c(ω′, EL), q(ω,EH) =
∑
ω′∈Ω

π(ω′;h)q(ω′, EL) (6.3.1)

for all ω ∈ Ω (h is fixed for the farmer). Then, it follows from Equation (3.2.1) that

U(EH) =
∑
ω∈Ω

π(ω;h)u
(
c(ω,EH), q(ω,EH)

)
=
∑
ω∈Ω

π(ω;h)u

(∑
ω′∈Ω

π(ω′;h)c(ω′, EL),
∑
ω′∈Ω

π(ω′;h)q(ω′, EL)

)
(∵ Equation (6.3.1))

>
∑
ω∈Ω

π(ω;h)
∑
ω′∈Ω

π(ω′;h)u
(
c(ω′, EL), q(ω′, EL)

)
(∵ strict concavity of u)

=
∑
ω′∈Ω

π(ω′;h)u
(
c(ω′, EL), q(ω′, EL)

)
(∵
∑
ω∈Ω

π(ω;h) = 1)

= U(EL).

Thus, the risk-averse farmer prefers EH to EL.
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Brief Discussion of Three Potential Factors in Imperfect Markets

Throughout the conceptual framework, I assumed perfect neoclassical markets to simplify

the argument. However, the essence of my argument on three potential factors is the same

even in imperfect markets.

For simplicity, I first consider the extreme case where markets do not exist; farmers

consume all of the crops produced by themselves, without consuming any product by others.

If farmers produce good j linearly using an endowment ej, the level of farmers’ consumption

realized in state ω becomes

(c1(ω), . . . , cJ(ω)) = (α1(ω)e1, . . . , αJ(ω)eJ),

where αj(ω) is a productivity shock (note that market shocks, or price fluctuations, do not

exist). Then, poor farmers prioritize satisfying the subsistence constraint for all states ω:

ϵ1α1(ω)e1 + · · ·+ ϵJαJ(ω)eJ ≥ R

Because the level of consumption still depends on productivity shocks in each state, poor

farmers specialize in producing staple food if high crop diversity involves risks of insufficient

energy intakes (poverty traps). Conversely, they diversify crop portfolios if specialization in

a certain crop involves risks of heavy damages (risk dispersion).

If agronomic synergies between crops exist and crop diversification improve productivity,

the realized consumption becomes

(c1(ω), . . . , cJ(ω)) =

(
α1(ω)e1 +

∑
k ̸=1

d1k(ω)e1ek, . . . , αJ(ω)eJ +
∑
k ̸=J

dJk(ω)eJek

)
,

where djk(ω) ≥ 0. Because of complementary effects between crops, djk(ω) ≥ 0, the subsis-

tence constraint becomes

ϵ1α1(ω)e1 + · · ·+ ϵJαJ(ω)eJ +
∑
j ̸=k

ϵjdjk(ω)ejek ≥ R.

Then, the subsistence constraint is relaxed by
∑

j ̸=k ϵjdjk(ω)ejek. Thus, poor farmers whose

choice is restricted by the subsistence constraint can realize more balanced consumption by

crop diversification (balanced dietary intakes).

Finally, because non-poor farmers can afford to satisfy the subsistence constraint in all

states, their main motivation for crop diversification is to stabilize consumption (not market

income in this case).

Similar arguments still hold in an intermediate case between perfect markets and autarky.
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Suppose that farmers must incur transaction costs τ > 1 for market sales. Then, the farmers’

budget constraint becomes

yj(ω) = αj(ω)ej +
∑
j ̸=k

djk(ω)ejek,

J∑
j=1

pcj(ω)cj + τ

(
J∑

j=1

pcj(ω)sj

)
≤

J∑
j=1

pcj(ω)yj + In,

Q∑
k=1

pqk(ω)qk ≤
J∑

j=1

pcj(ω)sj + In,

where yj(ω) is the amount of production for crop j and sj is its amount of sales. To consume

a non-food good qk, farmers must obtain crop sales
∑J

j=1 pcj(ω)sj.

The same argument holds for the three potential factors, as I explain when markets do

not exist. If poor farmers predict insufficient energy intakes at some states under diversified

crop portfolios, they specialize in growing staple crops with high-caloric intakes to satisfy

the subsistence constraint (poverty traps). Conversely, if specialization in a certain crop

involves the risk of heavy damages, subsistence requirement induces poor farmers to disperse

risks by growing multiple crops (risk dispersion). Poor farmers who realize complementary

effects between crops can relax the choice restriction imposed by the subsistence constraint

(balanced dietary intakes). In contrast, non-poor farmers can afford to consume non-food

goods qk relative to poor farmers, and hence want to stably consume them by stabilizing

crop sales (stabilization of market income).

Note that neither transaction costs nor crop sales are irrelevant to the existence of the

three potential factors. The existence of markets or transaction costs affect farmers’ choices

on self-consumption and crop sales. However, the prioritization toward subsistence require-

ment, the desire for balanced dietary intakes, and the incentive to stabilize market income

still work because these factors are characterized by the subsistence constraint, rather than

the assumption of perfect markets.
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Appendix 3-II. Two Indicators of Crop Diversification

To assess the diversity of cultivated crops in farmland, there are several indicators of crop

diversification, whose developments depend on how we interpret “diversity” (Duelli and

Obrist 2003).

The simplest indicator is to count the number of crops cultivated in a farmland. Another

frequently used indicator is the Simpson index (SI), which is defined as follows:

SI = 1−
∑
c

s2c (6.3.2)

where sc is the area share of crop c in total farmland. The SI is large if a farmer plants many

crops evenly on the farmland. Conversely, we have SI = 0, or complete specialization, if only

one crop is planted on the whole land.

The choice of indicators is important because each indicator is closely connected to why

farmers grow multiple crops. Figure A3 displays the hypothetical land allocations of crops by

two farmers. The farmer in the left farmland allocates a large land share to maize, and the

remaining marginal share to beans, groundnuts, and sesame. In this farmland, the remaining

three crops serve as side crops to support the growth of the main crop (maize). Conversely,

the farmer in the right-hand farmland cultivates maize, beans, sorghum, and tomatoes in

even land allocations. Because both farmers cultivate four crops, the indicator of counting

crop numbers is equal for the two farmers. However, the right-hand farmer outnumbers the

left-hand one in the SI because the right-hand farmland is diversified in terms of evenness

in land allocations. The SI values the evenness of land shares of planted crops as diversity,

whereas the simple indicator of counting crop numbers allows the dominance of a main crop

in farmland if side crops are planted.

My analysis relies on both indicators of crop diversification rather than on a single in-

dicator. The use of more than one indicator sheds light on farmers’ various motivations for

crop diversification. In Figure A3, the left-hand farmer who encountered a rise in fertilizer

price may have started planting new legumes as a nitrogenous substitute for fertilizer. The

right-hand farmer who lacked the necessary cash for purchasing food may have produced

each crop in equal land proportions to obtain balanced nutrition for self-consumption. If

only one indicator were used, farmers’ various motivations for crop diversification would not

be observed.
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Figure A3: Hypothetical Land Distributions of Crops Planted by Two Farmers
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Appendix 3-III. Items of Five Broad Crop Types

In Descriptive Statistics, I classified all crops broadly into five types: staples, sorghum/tubers/roots,

legumes/oil, fruits/vegetables, and cash crops. To construct these five crop types, I re-

fer to the category in the NPS questionnaire. The questionnaire is available at https:

//microdata.worldbank.org/index.php/catalog/2252. I enumerate all items included in

each crop type below:

• Staples: maize paddy, wheat, barley

• Sorghum/roots/tubers: sorghum, bulrush millet, finger millet, cassava, sweet pota-

toes, Irish potatoes, yams, cocoyams, onions, ginger

• Legumes/oil: beans, cowpeas, green gram, chickpeas, Bambara nuts, field peas, sun-

flower, sesame, groundnut, soyabeans, caster seed

• Fruits/vegetables: passion fruit, banana, avocado, mango, papaw, orange, grapefruit,

grapes, mandarin, guava, plums, apples, pears, peaches, lime, lemon, pomelo, jack fruit,

durian, bilimbi, rambutan, bread fruit, Malay apple, star fruit, custard apple, God

fruit, mitobo, plum, peaches, pomegranate, date, tungamaa, vanilla, cabbage, toma-

toes, spinach, carrot, chilies, amaranths, pumpkins, cucumber, eggplant, watermelon,

cauliflower, okra, fiwi

• Cash crops: cotton, tobacco, pyrethrum, jute, seaweed, sisal, coffee, tea, cocoa, rubber,

wattle, kapok, sugar cane, cardamom, tamarind, cinnamon, nutmeg, clove, black pepper,

pigeon pea, pineapple, palm oil, coconut, cashew nut, green tomato, monkeybread,

bamboo, firewood/fodder, timber, medicinal plant, fence tree
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Appendix 3-IV. Effects of Household and Regional Characteristics

In Appendix 3-IV, I examine the household and regional characteristics that are estimated

to affect crop diversification differently between the two regimes in Table 3.4. Old house-

hold heads in the lower regime tend to be more conservative in increasing crop numbers

in farmlands than young ones. Lower-regime farmers with more educated household heads

tend to increase both crop numbers and the SI. Because cultivation ways are specific to

each crop, some educational levels may be helpful for growing multiple crops. Farmers with

more household members, which are proxied by adult equivalents, pursue more specialized

crop portfolios in both crop number and SI. This specialization affects lower-regime farmers

more strongly than upper-regime farmers. Lower-regime farmers with limited agricultural

resources may assign higher priority to cultivating staple food crops to feed many household

members. Larger areas of owned land provide lower-regime farmers with more capability to

increase the SI. Each of these household characteristics tends to have a larger coefficient

in absolute values and show statistical significance in the lower regime, compared with the

upper regime. Poverty may make farmers’ decisions on crop diversification more sensitive in

the lower regime.

In contrast, if household characteristics are related to market activities, they tend to af-

fect crop diversification by upper-regime farmers more strongly than that by lower-regime

farmers. If farmers’ residences are far from agricultural markets, upper-regime farmers sig-

nificantly increase the number of crops. Although upper-regime farmers relatively afford to

purchase agricultural inputs for their cultivation, high transaction costs may induce farmers

to substitute crop diversification for inputs. Upper-regime farmers also significantly increase

crop numbers if they belong to a SACCO. Sufficient cash sources may enable upper-regime

farmers to prepare the necessary inputs for planting new crops. In market-related charac-

teristics, the availability of inputs may determine the adoption of crop diversification by

upper-regime farmers.

Past rainfall amounts are positively associated with the increases in crop numbers and the

SI in both the two regimes. Farmers may be able to adopt crop diversification more easily

in agriculturally advantaged areas.

133



Appendix 3-V. Estimation Using Indicators of Crop Diversification Based on

Five Crop Types

This appendix analyzes whether my main results are changed if the two indicators of

crop diversification are constructed using five crop types (staples, sorghum/tubers/roots,

legumes/oil, fruits/vegetables, and cash crops). The crop number is redefined so that it

equals the number of cultivated crop types in each farmer. Similarly, the SI is redefined so

that sc in Equation (3.3.1) is the area share of each crop type in total farmland. Then, the

two indicators are standardized in each region and year.

Table A1 shows estimation results of the Hansen’s fixed-effects threshold model for each

indicator. Covariates unrelated to past agricultural shocks are included in the analysis but

omitted from the table. Estimated threshold parameters, 206,276 in numbers of crop types

and 204,938 in the SI, are the same as those in my main analysis (see Table 3.2). F-statistics

are significant in both the indicators.

Columns (1)-(2) show results concerning the number of cultivated crop types. Column

(1) indicates that lower-regime farmers who experienced a large rise in food prices increase

numbers of cultivated crop types by 0.36 times the SD of numbers of cultivated crop types.

Column (2) indicates that upper-regime farmers who experienced a large rise in input prices

increase numbers of crop types by 0.14 times the SD. Upper-regime farmers also increase

numbers of crop types in response to crop diseases/pest outbreaks by 0.15 times the SD,

which was unobserved in my main results. Because damages by crop diseases/pest outbreaks

tend to spread widely over specific crops, even upper-regime farmers may have incentives to

grow different crop types.

Column (3) shows that lower-regime farmers increase the SI by 0.26 and 0.35 times the SD

of the SI in response to drought/flood and a rise in food prices, respectively. However, a past

rise in input prices decreases the SI by 0.29 times the SD, which was not found in my main

results. As Figure 3.9 shows, a relatively large proportion of lower-regime farmers purchase

agricultural inputs. Some crops in vegetables/fruits and cash crops may require farmers to

purchase seeds and seedlings. These crops may also require farmers to supply large amounts

and specific types of nutrients by fertilizer, which cannot be covered by crop diversification.

Because lower-regime farmers have insufficient cash income to purchase higher-priced inputs,

they may be unable to maintain crop diversification by past rises in input price. In Column

(4), I find no evidence that upper-regime farmers change the SI in response to past shocks.

The findings in Table A1 are similar to results in my main analysis of Table 3.4. However,

in Table A1, I find no evidence that crop diversification is discouraged by past livestock loss

among lower-regime farmers and that it is encouraged by a large fall in crop prices among

upper-regime farmers.
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Table A1: Estimates of Indicators of Crop Diversification Based on Five Crop
Types

Simple Counting Simpson Index

(1) (2) (3) (4)
Explanatory Variable Lower

Regime
Upper
Regime

Lower
Regime

Upper
Regime

Agricultural shocks over past five years:
Experienced drought/flood
(dummy)

0.28
(0.18)

0.01
(0.07)

0.26∗

(0.15)
-0.00
(0.07)

Experienced crop disease/pests
(dummy)

-0.09
(0.21)

0.15∗

(0.08)
-0.24
(0.20)

0.09
(0.07)

Experienced large fall in sale
prices for crops (dummy)

-0.06
(0.17)

0.11
(0.07)

-0.02
(0.18)

0.04
(0.07)

Experienced large rise in price
of food (dummy)

0.36∗∗

(0.17)
0.07
(0.06)

0.35∗∗

(0.16)
-0.01
(0.06)

Experienced large rise in agri-
cultural input prices (dummy)

-0.30
(0.19)

0.14∗

(0.08)
-0.29∗

(0.16)
0.08
(0.07)

Experienced livestock death or
theft (dummy)

0.08
(0.25)

0.01
(0.09)

-0.11
(0.23)

-0.02
(0.09)

Estimated threshold 206,276 204,938
Linearity test
F statistic (p-value in parenthe-
sis)

79.11∗

(0.06)
75.08∗

(0.08)

Note: Sample size: N = 2, 664. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01.
Standard errors in parenthesis are clustered at the household level. Covariates
unrelated to agricultural shocks are omitted from the table.
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Appendix 3-VI. Other Results Observed in Table 3.5

Table 3.5 provides some results unobserved in my main analysis. In Column (1), lower-

regime farmers who experienced a fall in crop price decrease the probability of planting only

staples. As illustrated in Figure 3.9, a relatively large proportion of lower-regime farmers also

participate in output markets. Thus, lower-regime farmers may also have some incentives to

stabilize crop sales.

In Column (2), upper-regime farmers who experienced a rise in food price also decrease

the probability of the mono-cropping of staple crops, as lower-regime farmers do. However,

the coefficient of the latter greatly outnumbers that of the former (−0.22 against −0.04).

In Column (3), lower-regime farmers are less likely to plant staples plus sorghum/roots/tubers

in response to a rise in input prices. Sorghum/roots/tubers may be replaced by other cli-

matically resistant and nutrient-complementary crops such as legumes.

In Column (8), upper-regime farmers increase the probability of cultivating staples plus

vegetables/fruits in response to a rise in food prices. Because cultivation ways of vegeta-

bles/fruits are specific to each crop, upper-regime farmers may afford to cultivate it, relative

to lower-regime farmers, when their food securities are threatened.

In Column (9), lower-regime farmers are more likely to cultivate staples plus cash crops if

they experienced a rise in food prices. Lower-regime farmers may also rely on crop diversifi-

cation to compensate for income loss caused by market shocks, as upper-regime farmers do.

By cultivating cash crops, lower-regime farmers may ensure cash inflows to compensate for

increased cash outflows owing to a rise in food price. Conversely, lower-regime farmers who

experienced a rise in input price are less likely to plant cash crops. Some cash crops may

require farmers to purchase seeds and seedlings or to supply large amounts of and specific

types of nutrients by fertilizer. Lower-regime farmers with limited income may not afford to

purchase higher-priced inputs to plant cash crops.
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Table A2: Estimates of Indicators of Crop Diversification Based on Annual Crops

Simple Counting Simpson Index

(1) (2) (3) (4)
Explanatory Variable Lower

Regime
Upper
Regime

Lower
Regime

Upper
Regime

Agricultural shocks over past five years:
Experienced drought/flood
(dummy)

0.02
(0.05)

-0.21∗∗

(0.10)
0.38∗∗∗

(0.15)
0.00
(0.07)

Experienced crop disease/pests
(dummy)

0.06
(0.07)

0.08
(0.14)

-0.20
(0.17)

0.06
(0.08)

Experienced large fall in sale
prices for crops (dummy)

0.03
(0.06)

0.08
(0.12)

0.07
(0.18)

0.05
(0.08)

Experienced large rise in price
of food (dummy)

0.05
(0.05)

-0.04
(0.11)

0.36∗∗

(0.16)
0.02
(0.06)

Experienced large rise in agri-
cultural input prices (dummy)

0.06
(0.06)

-0.03
(0.14)

-0.18
(0.16)

0.08
(0.07)

Experienced livestock death or
theft (dummy)

-0.02
(0.07)

0.60∗∗∗

(0.21)
-0.38∗

(0.21)
0.04
(0.09)

Estimated threshold 559,750 204,938
Linearity test
F statistic (p-value in parenthe-
sis)

80.31∗

(0.06)
76.70∗

(0.07)

Note: Sample size: N = 2, 664. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01.
Standard errors in parenthesis are clustered at the household level. Covariates
unrelated to agricultural shocks are omitted from the table.

Appendix 3-VII. Redefining indicators of crop diversification and crop types

In Appendix 3-VII, I reconstruct crop numbers and the SI by excluding fruit trees and

permanent cash crops because the cultivation of permanent crops may be unsusceptible to

shocks in the short run once farmers plant them.

Using the Hansen’s fixed-effects threshold model, Table A2 displays estimation results

of the simple count of crop numbers and the SI, which are calculated based on annual

crops (pigeon pea is included in this calculation because of the importance as legumes). The

estimated threshold in crop numbers, 559,750 Tsh, is even larger than that in Table 3.2

(206,276 Tsh). Thus, estimation results in Columns (1) and (2) are not similar to main

results in Table 3.4. In contrast, the estimated threshold in the SI is the same as that in the

main analysis (204,938). Hence, estimation results are similar to main results in Table 3.4.

In Column (3), experiences of drought/flood and rises in food prices increase the SI and

experiences of livestock loss decrease it among lower-regime farmers. These results coincide

with Column (4) in Table 3.4.

We also separately estimate farmers’ decisions to plant vegetables, fruits, annual cash

crops, and permanent cash crops plus staples. In the crop-specific analyses, vegetables and

fruits are classified in the same crop type as dietary sources of minerals and vitamins. Sim-

ilarly, annual and permanent cash crops are also classified in the same type as cash income

sources. However, farmers may plant annual and permanent crops differently in response
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to shocks. Moreover, the classification of pigeon pea is moved from cash crops to legumes.

Although pigeon pea is classified as permanent cash crops in the NPS (see Appendix 3-III),

it also has crop characteristics as legumes.

Using the Hansen’s fixed-effects threshold model, Table A3 displays estimation results on

the probability that farmers cultivate each of legumes, vegetables, fruits, annual cash crops,

and permanent cash crops in addition to staples. Estimated thresholds in legumes, vegetables,

and permanent cash crops are close to estimated thresholds in Table 3.2 (around 200,000

Tsh). Then, results are similar to main ones in these crop types. For example, Column (1)

shows that lower-regime farmers plant legumes in addition to staples in response to a rise

in food prices, whereas upper-regime farmers plant it in response to a fall in crop prices.

Legumes still play important roles in crop diversification when pigeon peas are included

in its category. Column (4) shows that upper-regime farmers plant vegetables plus staples

in response to a rise in food price. Columns (9) shows that lower-regime farmers plant

permanent cash crops in response to rises in food price and input price. These results are

also observed in Table 3.5.

In contrast, estimated thresholds in fruits and annual cash crops are far above the esti-

mated thresholds in Table 3.2. Thus, the results in Columns (5)-(8) do not coincide with

those in Table 3.5.
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Appendix 3-VIII. Incorporating Crop Diversification in the Short Rainy Season

As explained in the dataset construction, my main analysis focuses on farmers’ activities in

the long rainy season (masika), the main cultivation season from March to May in Tanzania.

However, the bimodal rainfall pattern is prevalent in some regions of Tanzania and offers the

secondary cropping season, that is, the short rainy season (vuli) from October to December.

Dividing the Tanzanian mainland into the five agro-ecological zones (Northeast, Coastal,

Lakes, Central, and Southern Highlands), Figure A4 compares the number of farmers culti-

vating in both the long and short rainy seasons with that of farmers cultivating only in the

long rainy season in my dataset.1 In Figure A4, farmers’ cultivation in the short rainy season

is widely observed in Tanzania, though its numbers differ by regional rainfall patterns.

This appendix examines whether my results are changed if I incorporate the cultivation in

the short rainy season. Indicators of crop diversification are newly constructed as aggregate

information in the two rainy seasons. I calculate the crop number as the sum of crops

cultivated in the two rainy seasons. In contrast, I calculate the SI by regarding the total

farmland as the sum of land cultivated over the two rainy seasons. These two indicators are

calculated based on the difference of crops, regardless of in which season they are cultivated.

For example, if farmers cultivate maize in long rains and banana in short rains, they are

regarded as different two crops. In contrast, even if farmers cultivate maize in both two rainy

seasons, it is regarded as the same one crop. Finally, the two indicators are standardized in

each region and year.

Table A4 shows estimation results of the Hansen’s fixed-effects threshold model for each

indicator. The set of covariates are the same as my main analysis, except that I add a

dummy variable that is equal to one if farmers cultivated in the short rainy season. Estimated

thresholds are 180,108 in the number of planted crops and 190,013 in the SI, both of which are

similar to those in my main analysis. The linearity test significantly supports the threshold

model in the number of planted crops, whereas it does not in the SI.

Using the threshold for crop numbers, Figure A5 illustrates the planting proportions and

average land shares of each crop type among lower-/upper-regime farmers cultivating in the

short rainy season (I do not display aggregated proportions and land shares over the two

rainy seasons). Figure A5 shows that crop diversity is relatively similar in both regimes,

overall. However, the planting proportions and land shares in the upper regime seem to be

slightly higher in staples and legumes/oil and smaller in sorghum/tubers/roots than in the

lower regime. The short rainy season tends to have lower and more uncertain rainfall than the

long rainy season (Mutai and Ward 2000). Therefore, lower-regime farmers with low income

1Each agro-ecological zone contains the following administrative regions: Northeast for Arusha, Kiliman-
jaro, Manyara, and Tanga regions; Coastal for Dar es Salaam, Lindi, Morogoro, Mtwara, and Pwani regions;
Central for Dodoma, Kigoma, Singida, and Tabora regions; Lakes for Kagera, Mara, Mwanza, and Shinyanga
regions; Southern Highlands for Iringa, Mbeya, Rukwa, and Ruvuma regions.
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Table A4: Estimates of Aggregate Indicators of Crop Diversification over the Two
Rainy Seasons

Crop Number Simpson Index

(1) (2) (3) (4)
Explanatory Variable Lower

Regime
Upper
Regime

Lower
Regime

Upper
Regime

Household and regional characteristics:
Age of household head -0.04∗

(0.02)
-0.04∗

(0.02)
-0.03
(0.02)

-0.03
(0.02)

Years of education of household
head

0.08∗∗

(0.03)
0.03
(0.02)

0.09∗∗∗

(0.03)
0.03
(0.02)

Adult equivalents -0.02
(0.04)

-0.04
(0.03)

-0.05
(0.03)

-0.03
(0.02)

Acres of owned land 0.01
(0.01)

-0.00∗∗

(0.00)
0.01
(0.01)

-0.00∗∗

(0.00)
Distance to nearest agricultural
market (km) (log)

0.11
(0.17)

0.32∗∗

(0.14)
-0.03
(0.18)

0.11
(0.16)

Distance to district headquar-
ter (km) (log)

0.06
(0.08)

0.01
(0.03)

0.03
(0.08)

-0.00
(0.03)

Belongs to cooperative
(dummy)

0.34∗

(0.18)
0.06
(0.07)

0.19
(0.21)

0.08
(0.07)

Belongs to SACCO (dummy) 1.08∗∗

(0.46)
0.24∗∗

(0.12)
-0.00
(0.40)

0.15
(0.10)

Avg. masika-rainfall over past
five years (mm) (log)

1.09∗∗

(0.45)
1.06∗∗

(0.45)
0.74
(0.54)

0.78
(0.54)

In Wave 3 (2012/13) (dummy) 0.36∗∗

(0.17)
0.06
(0.07)

0.38∗

(0.19)
0.05
(0.07)

Cultivated in short rains
(dummy)

0.17
(0.26)

0.21∗∗∗

(0.08)
0.10
(0.22)

0.23∗∗∗

(0.08)

Agricultural shocks over past five years:
Experienced drought/flood
(dummy)

0.59∗∗∗

(0.17)
-0.09
(0.07)

0.54∗∗∗

(0.16)
-0.10
(0.07)

Experienced crop disease/pests
(dummy)

-0.13
(0.22)

0.09
(0.07)

-0.15
(0.18)

0.04
(0.07)

Experienced large fall in sale
prices for crops (dummy)

0.04
(0.16)

0.15∗∗

(0.07)
0.19
(0.20)

0.06
(0.07)

Experienced large rise in price
of food (dummy)

0.16
(0.16)

0.09∗

(0.06)
0.18
(0.20)

0.09
(0.06)

Experienced large rise in agri-
cultural input prices (dummy)

-0.25
(0.18)

0.19∗∗∗

(0.07)
-0.23
(0.18)

0.08
(0.07)

Experienced livestock death or
theft (dummy)

-0.71∗∗

(0.30)
0.14
(0.09)

-0.63∗∗∗

(0.23)
0.03
(0.09)

Estimated threshold 180,108 190,013
Linearity test
F statistic (p-value in parenthe-
sis)

91.25∗∗

(0.01)
72.96
(0.16)

Note: Sample size: N = 2, 664. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01.
Standard errors in parenthesis are clustered at the household level.
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Figure A4: Number of Farmers who Cultivate in the Short Rainy Season or Not as well as the Long One

may have to cultivate low-valued but drought-resistant crops (sorghum/tubers/roots).

Columns (1) and (3) in Table A4 show that crop numbers and the SI significantly increase

if lower-regime farmers experienced drought/flood, and conversely decrease if they experi-

enced livestock loss. In Column (2), upper-regime farmers who experienced a large price fall

in output markets and a large price rise in input markets significantly increase crop numbers.

Therefore, I still obtain similar findings, even if I extend indicators of crop diversification

over different rainy seasons within a year.

However, Column (2) indicates that the experience of a large fall in food prices significantly

increases crop numbers among upper-regime farmers, not among lower-regime farmers, which

is in conflict with results in Table 3.4. Interestingly, Columns (2) and (4) show that the

cultivation in the short rainy season is significantly positively associated with crop diversity

among upper-regime farmers. Upper-regime farmers may afford to pursue crop diversification

in the short rainy season, and may cultivate different crops in short rains than those in long

rains. Conversely, lower-regime farmers may prioritize producing certain drought-resistant

crops under the volatile and unreliable rainfall in the short rainy season, as Figure A5

suggests.

In Table A5, aggregate indicators of crop diversification over the two rainy seasons are

constructed using five crop types, as in Appendix 3-V. Estimated thresholds are 180,108 in

both two indicators. The linearity test significantly supports the threshold model in the num-

ber of planted crop types, whereas it does not in the SI. Column (1) shows that the number of

planted crop types significantly increases if lower-regime farmers experienced drought/flood
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Figure A5: Crop Diversity in the Lower and Upper Regimes in the Short Rainy Season

and a rise in food prices. Conversely, the number of planted crop types significantly decreases

if they experienced a rise in input prices and livestock loss. In Column (2), the experiences

of crop diseases/pests, a fall in crop prices, a rise in food prices, and livestock loss increase

the number of planted crop types among upper-regime farmers. Column (3) indicates that

lower-regime farmers increase the SI in response to drought/flood and decrease it in response

to crop diseases/pests, a fall in crop prices, a rise in input prices, and livestock loss. Many

of these results were already observed in either Table 3.4 or Table A1.
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Table A5: Estimates of Aggregate Indicators of Crop Diversification over the Two
Rainy Seasons, Based on Five Crop Types

Crop Type Number Simpson Index

(1) (2) (3) (4)
Explanatory Variable Lower

Regime
Upper
Regime

Lower
Regime

Upper
Regime

Household and regional characteristics:
Age of household head -0.03

(0.02)
-0.03
(0.02)

-0.02
(0.03)

-0.03
(0.02)

Years of education of household
head

0.07∗∗

(0.03)
0.02
(0.02)

0.07∗∗

(0.03)
0.03
(0.02)

Adult equivalents -0.01
(0.04)

-0.05∗∗

(0.02)
-0.00
(0.03)

-0.05∗∗

(0.02)
Acres of owned land -0.00

(0.01)
-0.00∗

(0.00)
0.00
(0.01)

-0.00∗∗

(0.00)
Distance to nearest agricultural
market (km) (log)

0.10
(0.19)

0.24
(0.16)

-0.12
(0.18)

0.01
(0.15)

Distance to district headquar-
ter (km) (log)

0.06
(0.09)

0.02
(0.03)

0.00
(0.09)

0.01
(0.03)

Belongs to cooperative
(dummy)

0.37∗

(0.19)
0.12
(0.07)

0.19
(0.20)

0.13∗

(0.07)
Belongs to SACCO (dummy) 1.46∗∗

(0.66)
0.04
(0.12)

1.06
(0.65)

0.00
(0.10)

Avg. masika-rainfall over past
five years (mm) (log)

1.07∗∗

(0.48)
1.08∗∗

(0.48)
0.67
(0.55)

0.70
(0.55)

In Wave 3 (2012/13) (dummy) 0.29
(0.22)

0.05
(0.08)

0.29
(0.21)

0.03
(0.08)

Cultivated in short rains
(dummy)

-0.16
(0.23)

0.26∗∗∗

(0.08)
-0.14
(0.22)

0.22∗∗∗

(0.08)

Agricultural shocks over past five years:
Experienced drought/flood
(dummy)

0.55∗∗∗

(0.20)
-0.10
(0.06)

0.42∗∗

(0.18)
-0.10
(0.06)

Experienced crop disease/pests
(dummy)

-0.15
(0.24)

0.15∗

(0.07)
-0.36∗

(0.20)
0.04
(0.07)

Experienced large fall in sale
prices for crops (dummy)

0.10
(0.20)

0.12∗

(0.07)
0.08
(0.22)

0.06
(0.07)

Experienced large rise in price
of food (dummy)

0.34∗

(0.19)
0.10∗

(0.06)
0.23
(0.21)

0.05
(0.06)

Experienced large rise in agri-
cultural input prices (dummy)

-0.45∗∗

(0.22)
0.11
(0.07)

-0.58∗∗∗

(0.20)
0.05
(0.07)

Experienced livestock death or
theft (dummy)

-0.66∗∗

(0.30)
0.16∗

(0.09)
-0.65∗∗

(0.28)
0.00
(0.08)

Estimated threshold 180,108 180,108
Linearity test
F statistic (p-value in parenthe-
sis)

93.2∗∗∗

(0.00)
66.11
(0.2780)

Note: Sample size: N = 2, 664. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01.
Standard errors in parenthesis are clustered at the household level.
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Appendix 3-IX. Dataset Expansion and Different Thresholds

Expanding the Range of the Dataset

My main analysis has two statistical limitations. First, the sample size is limited. I had

to restrict the sample size to construct a balanced panel. Second, my estimation strategy

may be susceptible to the endogeneity of threshold variables (food consumption levels). For

example, if threshold variables are serially correlated, using a lagged variable may still be

insufficient even in the fixed-effects approach. My results may depend on the Hansen’s (1999)

approach.

To check the robustness to these limitations, this appendix first extends the range of

my dataset from Wave 2 (2010/11) and Wave 3 (2012/13) to all waves including Wave

1 (2008/09), Wave 4 (2014/15), and the recently uploaded wave, “National Panel Survey

2019/2020 - Extended Panel with Sex Disaggregated Data.” Despite its name, the last wave

comprises information on the 2018/19 agricultural season. In what follows, I call the last

wave Wave 5 (2018/19) to avoid confusion.

Table A6 displays the number of households in each wave under the expanded dataset.

To expand the dataset, I remove two restrictions imposed in my main analysis. First, the

expanded dataset is an unbalanced panel and comprises different numbers of households,

depending on waves. As noted in Section 3.3, Wave 4 (2014/15) was not used because the

NPS refreshed the sampled households in this wave. This refreshed households comprise the

majority in Wave 4; households who were interviewed in the past waves are the minority

in Wave 4. In addition, Wave 5 (2018/19) surveyed only this minority households in Wave

4; it did not interview households in the refreshed majority in Wave 4. Consequently, the

number of households drops dramatically in Waves 4 and 5 (additionally, Wave 5 has fewer

households than Wave 4, because Wave 5 has many missing values in shock variables).

Second, the expanded dataset includes households that split off from the original households,

as long as they were interviewed at least in two waves after splitting off. My main analysis

excluded split-off households because it is uncertain whether they inherited the unobserved

characteristics of their original households. However, it is unproblematic to use information

after splitting off from original households. By containing households interviewed at least

twice after splitting off, the numbers of households in Waves 2 and 3 increase in the expanded

dataset relative to the pre-expanded one.2

Because the number of households in the expanded dataset declines dramatically after

Wave 4, the sample selection bias may arise in this unbalanced panel. To test for the sample

2My main analysis using the pre-expanded dataset removed households who split off between Waves 1
and 2 as well as those between Waves 2 and 3. This is because my main analysis relied on the consumption
data in the preceding wave; I should not regard past consumption data of original households as that of
split-off households.
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Table A6: Number of Households in Each Wave under the Expanded Dataset

Wave 1 Wave 2 Wave 3 Wave 4 Wave 5 Total
(2008/09) (2010/11) (2012/13) (2014/15) (2018/19) Households

Number of Households 1,356 1,620 1,608 366 166 5,116
(Proportion to Total) (26.51) (31.67) (31.43) (7.15) (3.24) (100.00)

selection bias, I add a lagged selection indicator to covariates, estimate the FE model that

will appear later, and see the statistical significance for the indicator (see pp 832-833 in

Wooldridge (2010) for details). Because I find no evidence of the sample selection bias, I

proceed without correcting for it.

Using a Different Threshold

This appendix specifies a threshold in advance without estimating it, unlike threshold models

in my main analysis. I define the threshold to be at the the bottom 40% of the sample distri-

bution of asset holdings per adult equivalent, as in Makate et al. (2022). Food consumption

levels are flow values determined by households’ decisions in each period, whereas asset levels

are stock values, an accumulation of all flow values in the past. Therefore, asset levels may

be less serially correlated and less endogenous as wealth indicators than food consumption

levels.3

The threshold wealth level adopted in Makate et al. (2022) is 40%, which differs from

that in my main analysis, the bottom 16% of the sample distribution in food consumption

levels (see Table 3.2). However, it is meaningful to examine how my results are changed or

unchanged in comparison to Makate’s et al. (2022) settings.

Asset Variable

The asset variable is defined as the sum of purchased values over all items in a household (e.g.,

televisions, motor vehicles, houses, and farm implements such as hoes, spraying machines,

and tractors).4 Waves 3-5 provide information on past prices at which households purchased

3I also attempt to estimate a switching regression model using Murtazashvili and Wooldridge (2016); the
regime switching, which is observed or specified in advance, also depends on covariates. If the threshold by
asset levels is used for defining the regime switching, I find no evidence that the switching is endogenous.
Conversely, I find that the switching is endogenous if the threshold by the contemporary (not preceding)
energy consumption (the poverty line of 2,300 kcal per adult per day) is used . This suggests that asset levels
may be less endogenous than food consumption levels

4Land sizes and income are not used as wealth indicators for two reasons. First, these indicators may
reflect farmers’ engagements in non-farm activities, rather than wealth levels. Even if farmers are wealthy,
their investments in land and agricultural assets seem low under low commitments to on-farm activities.
In fact, land sizes differ insignificantly between poor and non-poor farmers, as was shown in the summary
statistics. Second, data information provided in the NPS is often inconsistent among households. For example,
households answered a questionnaire on their non-agricultural income, based on different time intervals
(day/week/month/year).
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Figure A6: The Scatter plot between food consumption and asset levels per adult equivalent (Tsh)

each asset. Unfortunately, the data on purchasing prices of each asset do not exist in Waves

1 and 2; only the data on the number of asset holdings exist for each household. Thus, I

first calculate predicted asset prices by taking averages of purchasing prices over households

for each item in Waves 3-5. By multiplying predicted asset prices and the number of asset

holdings together, I calculate the sum of predicted purchased values of assets in a household

in each wave. Finally, I divide the sum of predicted purchased values of assets by adult

equivalents. Because items owned by wealthy farmers may be of high quality and have high

prices, purchased values of assets by poor households may be overestimated to some extent

by using averaged asset prices.

Figure A6 displays a scatter plot between food consumption and asset levels per adult

equivalent. I do not observe a clear positive relationship between them, though the correlation

coefficient is 0.31 and positive at the 1% significance level.

Fixed-Effects Estimation Using Interaction Terms

This appendix estimates the following FE model:

SCDikt = αik + x′
itβLk + s′itγLk + TAit × (x′

itβUk + s′itγUk) + ϵikt (6.3.3)

for household i, year t, and indicator type k. The variables SCDikt, xit and sit represent

standardized indicators of crop diversification, household characteristics, and shock vari-

ables, respectively. The dummy variable TAit is equal to one if the asset level of household
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i is above the bottom 40% of the sample distribution. By introducing interaction terms be-

tween covariates and the dummy variable, I represent a regime switching at the threshold.

If household i belongs to the lower regime, then TAit = 0 and Equation (6.3.3) becomes

SCDikt = αik + x′
itβLk + s′itγLk + ϵikt. (6.3.4)

In contrast, if household i belongs to the upper regime, then TAit = 1 and Equation (6.3.3)

becomes

SCDikt = αik + x′
it(βLk + βUk) + s′it(γLk + γUk) + ϵikt. (6.3.5)

Therefore, the null hypothesis to be tested for each shock q is γLkq = 0 for lower-regime

farmers, whereas it is γLkq + γUkq = 0 for upper-regime farmers.

Covariates and Shock Variables

Some of the covariates used in my main analysis are removed owing to the lack of corre-

sponding questionnaires after Wave 4 (the distances to the nearest agricultural market and

the district head quarter and a dummy variable concerning a cooperative). Moreover, the in-

formation on the periods of shocks is not provided in the questionnaires after Wave 4, unlike

Waves 1-3. For consistency over all waves, shock variables are defined, based on roughly five

years from the interview (not from the cultivation) (the modification “roughly” is based on

the fact that several households in Waves 1 to 3 answered shocks occurring more than five

years before the interview).

Results

Table A7 shows estimation results of Equation (6.3.3). For brevity, Table A7 displays esti-

mated coefficients for shock variables and their interaction terms with the asset dummy and

omits other covariates. In Columns (1)-(2), indicators of crop diversification are calculated

by differentiating individual crops regardless of crop types, whereas they are calculated based

on the classification by five crop types in Columns (3)-(4).

Column (2) shows that lower-regime farmers tend to increase the SI if they experienced

drought/flood, which coincides with my main results. Conversely, in Columns (3)-(4), lower-

regime farmers are less likely to adopt crop diversification if they experienced livestock loss.

Though food consumption levels are not clearly positively correlated with asset levels in

Figure A6, I still observe similar results among lower-regime farmers. However, there are

some different results than my main ones. In Columns (1)-(4), lower-regime farmers promote

crop diversification in response to crop diseases/pests. Moreover, they also tend to decrease

the SI in response to a large fall in crop prices in Columns (2) and (4).
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Table A7: FE Estimates of Indicators of Crop Diversification

Individual Crops Five Crop Types

(1) (2) (3) (4)
Explanatory Variable Crop

Number
Simpson
Index

Type
Number

Simpson
Index

Agricultural shocks over past five years:
Experienced drought/flood
(dummy)

0.05
(0.05)

0.11∗∗

(0.06)
0.00
(0.04)

0.05
(0.06)

Experienced crop disease/pests
(dummy)

0.18∗∗∗

(0.05)
0.10∗

(0.06)
0.14∗∗∗

(0.04)
0.13∗∗

(0.06)
Experienced large fall in sale
prices for crops (dummy)

-0.05
(0.06)

-0.12∗∗

(0.06)
-0.04
(0.04)

-0.12∗∗

(0.06)
Experienced large rise in price
of food (dummy)

0.04
(0.05)

0.03
(0.06)

0.05
(0.04)

0.02
(0.06)

Experienced large rise in agri-
cultural input prices (dummy)

0.04
(0.06)

0.06
(0.06)

0.01
(0.04)

0.04
(0.06)

Experienced livestock death or
theft (dummy)

-0.09
(0.06)

-0.07
(0.06)

-0.10∗∗

(0.04)
-0.11∗

(0.06)
Interaction terms between shock variables and the asset dummy:
TAikt×drought/flood
(dummy)

-0.02
(0.06)

-0.08
(0.07)

0.02
(0.05)

-0.02
(0.07)

TAikt×crop disease/pests
(dummy)

-0.16∗∗

(0.07)
-0.11
(0.08)

-0.12∗∗

(0.05)
-0.16∗∗

(0.08)
TAikt×large fall in sale prices
for crops (dummy)

0.07
(0.07)

0.15∗

(0.08)
0.09∗

(0.05)
0.16∗∗

(0.08)
TAikt×large rise in price of
food (dummy)

0.00
(0.06)

0.04
(0.07)

0.01
(0.05)

0.03
(0.07)

TAikt×large rise in agricultural
input prices (dummy)

0.01
(0.07)

-0.06
(0.08)

-0.00
(0.06)

-0.03
(0.08)

TAikt×livestock death or theft
(dummy)

0.11
(0.07)

0.10
(0.08)

0.10∗

(0.05)
0.16∗∗

(0.08)

Note: Sample size: N = 5, 116. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01.
Standard errors in parenthesis are clustered at the household level.
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In contrast, many coefficients have opposite signs between shock variables and correspond-

ing interaction terms. The coefficients of the interaction terms are significantly negative for

crop diseases/pests in Columns (1), (3), and (4), positive for a fall in crop prices in Columns

(2)-(4), and positive for livestock loss in Columns (3)-(4). Interestingly, the coefficient for

the interaction term with a fall in crop prices outnumbers that for the corresponding shock

variable in absolute values in all columns. Moreover, Columns (1) and (3) show that a fall in

crop prices has no significant impact if not interacted, whereas it has significantly positive

impacts if interacted.

Nevertheless, I do not find statistical significances for γLkq+γUkq in most shocks. Table A8

displays values of γLkq + γUkq as well as γLkq, and tests the null hypotheses using t and F

tests, with p-values in parenthesis. Because many coefficients in Table A7 have opposite signs

between shock variables and corresponding interaction terms, γLkq+γUkq tends to be close to

zero. Though γLkq + γUkq is consistently positive in all cases concerning a fall in crop prices,

there is no significance. Exceptionally, I find a statistical significance for a rise in food prices

in Column (6).

Some of the results in this appendix may differ from my main results, possibly because

different wealth indicators are used for thresholds (food consumption versus assets), rather

than because the threshold wealth levels are different (16% in food consumption levels versus

40% in asset levels). As Figure A6 suggests, food consumption levels and asset levels may

exhibit different economic aspects and may not necessarily move together. Studies on poverty

traps have shown that poor households attempt to maintain their asset levels by cutting food

consumption levels (asset smoothing), unlike wealthy households who attempt to smooth

consumption levels by selling assets (Zimmerman and Carter 2003; Carter and Lybbert

2012; Janzen and Carter 2019). If asset smoothing works among poor households, asset

levels may not capture households’ subsistence requirements adequately, compared with food

consumption levels.
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Table A8: Values of γLkq and γLkq + γUkq and Results of t test for γLkq = 0 and F test for γLkq + γUkq = 0

Individual Crops Five Crop Types

Crop Type Simpson Index Type Number Simpson Index

(1) (2) (3) (4) (5) (6) (7) (8)
Explanatory Variable γLk γLk+γUk γLk γLk+γUk γLk γLk+γUk γLk γLk+γUk

Shock Variables:
drought/flood 0.05

(0.36)
0.02
(0.55)

0.11∗∗

(0.05)
0.03
(0.54)

0.00
(0.92)

0.03
(0.41)

0.05
(0.39)

0.03
(0.49)

crop disease/pests 0.18∗∗∗

(0.00)
0.01
(0.77)

0.10∗

(0.10)
-0.01
(0.87)

0.14∗∗∗

(0.00)
0.02
(0.57)

0.13∗∗

(0.03)
-0.02
(0.64)

large fall in sale prices for
crops

-0.05
(0.33)

0.02
(0.64)

-0.12∗∗

(0.04)
0.02
(0.66)

-0.04
(0.29)

0.05
(0.15)

-0.12∗∗

(0.05)
0.05
(0.35)

large rise in price of food 0.04
(0.42)

0.05
(0.24)

0.03
(0.55)

0.07
(0.11)

0.05
(0.17)

0.06∗

(0.05)
0.02
(0.69)

0.06
(0.21)

large rise in agricultural
input prices

0.04
(0.52)

0.05
(0.31)

0.06
(0.31)

0.01
(0.88)

0.01
(0.84)

0.01
(0.89)

0.04
(0.54)

0.00
(0.95)

livestock death or theft -0.09
(0.13)

0.03
(0.54)

-0.07
(0.29)

0.03
(0.55)

-0.10∗∗

(0.02)
-0.01
(0.83)

-0.11∗

(0.08)
0.05
(0.33)

Note: N = 5, 116, Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 with p-values in parenthesis.
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Figure A7: History of Data Collection over Waves in the NPS. This figure is cited from pp 4 in NBS (2022).

Appendices for Chapter 4

Appendix 4-I. Supplementary Information on the Short Rainy Season

Data Collection History over Waves in the NPS

NBS (2022) clearly depicts the history of the data collection over waves in the NPS in

pp. 4. Figure A7 provides its picture. As I explain in the chapter, the NPS data basically

comprise the same households from Wave 2008/09 to Wave 2012/13. However, only a part

of households in Wave 2012/13 were interviewed as “Extended Panel” in Wave 2014/15.

They were interviewed again in Wave 2018/19, which corresponds to “NPS-SDD 2019/20”

in Figure A7 (my year notation, 2018/19, is adapted to the year of the long rainy season in

this wave). In contrast, new households were added as “Refreshed Panel” in Wave 2014/15.

They were interviewed again in Wave 2020/21, which corresponds to “NPS5 2020/21” in

Figure A7.

Distributions of Harvest Months

Using the household-level dataset, Figure A8 displays the number of months in which farmers

start and end harvesting annual crops in their plots after long and short rainy seasons.5 In

Figures A8(a) and A8(b), the distributions of months of starting and ending harvest in the

long rainy season are unimodal and concentrate from May to August. In Figures A8(c) and

A8(d), the distributions of months of starting and ending harvest in the short rainy season

are unimodal and concentrate from January to Match. Figure A8 suggests that farmers tend

to harvest crops in accordance with the timeline of Table 4.2.

5If months of starting and ending harvesting differ by multiple plots within a household, we count all
these months in Figure A8.
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Figure A8: Distribution of First and Last Harvest Months in Long and Short Rainy Seasons

Rainfall Pattern in the Short Rainy Season

In the short rainy season, rainfall tends to be lower and more uncertain than in the long

one (Mutai and Ward 2000). Figure A9 plots rainfalls in croplands of Kilimanjaro region

from 1982 to 2021, with long rains (March-May) depicted by the blue-solid line and short

rains (October-December) by the red-dotted line. In Figure A9, rainfalls in the short rainy

season are obviously lower and seem to fluctuate more than those in the long one, overall.

The coefficient of variation (CV), defined by the ratio of the standard deviation to the mean,

is 45.35% for short rains, higher than 26.48% for long rains. Because of the interannual

variability plus relatively low rainfall, farmers’ decisions on whether to cultivate in the short

rainy season may depend on water management facilities to efficiently use short rains (e.g.,

irrigation).

Price Seasonality in Tanzania

I examine the seasonality of food prices in Tanzania. Using open data from the Vulnerabil-

ity Analysis and Mapping of the World Food Programme (WFP VAM), I obtain average

wholesale prices of maize per kilogram in each region and month from January 2006 to May

2023.6 I classify all months into four periods: January-March (the harvest season after short

rains), April-June (the long rainy season), July-September (the harvest season after long

rains), October-December (the short rainy season). I introduce four dummy variables that

6The data are available at https://dataviz.vam.wfp.org
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Figure A9: Rainfall during Long and Short Rainy Seasons in Kilimanjaro Region from 1982 to 2021

Table A9: OLS Estimates of Wholesale Maize Prices (Tsh) on Three
Period Dummies

(1) (2)
Explanatory Variable Northeast/Lakes Other Areas

= 1 if a month is in October-
December

55.43∗∗∗

(0.00)
56.11∗∗∗

(0.00)
= 1 if a month is in January-
March

25.89∗

(0.06)
62.44∗∗∗

(0.00)
= 1 if a month is in April-June 2.94

(0.85)
5.64
(0.52)

Are year dummies included? YES YES
Are region dummies included? YES YES

Note: Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01. with p-values
in parenthesis. Standard errors are clustered at the household level.
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Table A10: Number of Individuals Engaging in Each Type of Non-Farm Occupation and Amounts of Monthly Non-Farm Income

Engage in fishing/ Employed by Employed by Employed by Employed by Operate
mining/tourism government parastatal private sector NGO/religious group own business

Number of individuals 188 511 99 6,340 176 3,170
(Proportion to total) (0.02) (0.05) (0.01) (0.60) (0.02) (0.30)

Avg. monthly income (Tsh) 513,136 247,536 108,830 217,034 381,661
(US dollar) ($257) ($124) ($54) ($109) ($191)

Note: Exchange rate: $1 = 2,000 Tsh.

are equal to one for each period. In this analysis, July-September is used as a baseline so

that I can examine how maize prices change relative to those in the main harvest season in

Tanzania. I also introduce year and region dummies.

In Table A9, I conduct the OLS regression of wholesale maize prices (Tanzanian shillings)

on the three period dummies and region and year dummies, separately by two areas, North-

east/Lakes and other areas (see Figure 4.1). In Northeast/Lakes, the wholesale maize price

tends to be the highest during the short rainy season (October-December), whereas the

highest price in other areas comes before the start of the long rainy season (January-March).

Importantly, the maize price in the harvest season of the short rainy season (January-March)

tends to be even lower in Northeast/Lakes than in other areas by 36.55 Tsh (= 62.44−25.89),

which suggests that the supply of crops harvested in the short rainy season decreases food

prices in markets. This indicates the possibility that, if the cultivation in the short rainy

season became more prevalent, even non-farmers would enjoy welfare improvements through

lower food prices. I find no evidence of higher maize prices in April-June relative to July-

September, though the coefficients are positive in the two areas.

Types and Amounts of Off-Farm Income

I construct an individual-level dataset that corresponds to the household-level dataset in

Table 4.1, and count the number of individuals engaging in each type of non-farm occupations

in Table A10 (proportions to total individuals in parenthesis). Table A10 classifies types of

non-farm occupations as engagement in fishing/mining/tourism, employment in a central or

local government, employment in a parastatal, political party, or cooperative, employment

in the private sector, and operation of own business.

Table A10 shows that, out of individuals who are engaged in non-farm occupations, 60%

are employed in the private sector. This is followed by the number of individuals who operate

their own business (30%). Other types of employment and engagement in non-farm activities

are limited.

The NPS provides the information on monthly income earned by non-farm employment

and business.7 Thus, Table A10 also displays average (Avg.) amounts of monthly non-farm

7In the NPS, individuals report non-farm income, based on different time intervals (e.g., daily, weekly,
monthly, yearly). For consistency, I focus my attention to only monthly income. To avoid measurement

155



income per employed individual or business in Tanzanian shillings (US dollars in parenthesis),

except for the engagement in fishing/mining/tourism. Table A10 shows that the average

monthly income is the lowest in the private sector (108,830 Tsh) and is the highest in the

government (513,136 Tsh). The average monthly income from operating business is 381,661

Tsh.

Importantly, all amounts of non-farm income per individual or business are lower than the

average monthly food consumption in my dataset. The average value of real food consumption

per adult equivalent per 28 days is 577,000 Tsh in our household dataset (this value is

not displayed in Table A10). This value outnumbers the highest non-farm income in the

government (513,136 Tsh). This suggests that non-farm income may not be adequate for

many farmers to fully meet their food demands. Harvested crops during the short rainy

season and their cash income from sales may enable farmers to satisfy their desire for free

food consumption during the lean season.

Relationship between Basic Caloric Needs and Types of Food Consumed in a Household

I examine whether households tend to consume food more diversely once they meet the basic

caloric needs. As in Dercon et al. (2009) and Michler and Josephson (2017), I adopt a poverty

line of 2,300 kcal per adult per day as the basic caloric needs and introduce a dummy variable

that is equal to one if the caloric intake per adult equivalent exceeds 2,300 kcal. Dependent

variables are defined as dummy variables that are equal to one if a household consumes

each food item in the HDDS (cereals, root/tubers, vegetables, fruits, meat/poultry/offal,

eggs, fish/seafood, pulses/legumes/nuts, milk and milk products, oil/fats, sugar/honey, and

miscellaneous).

Using the CRE probit model, Table A11 displays the estimated APE for the dummy

variable of the poverty line in each food item (covariates used in my main analysis are also

included in the analysis, although they are omitted in Table A11). Households are more

likely to consume all food items once the basic caloric needs are met. However, the increase

in the probability of consuming cereals is low relative to other food items than vegetables.

This suggests that households who meet the basic caloric needs prefer to consume food more

diversely, rather than increase cereals with high caloric contents.

errors, I do not convert non-farm income with other intervals into monthly income (e.g., multiplying daily
income by 30).
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Table A11: CRE Probit Estimates of APE for the Consumption of Each Food Item on Exceeding the Poverty Line

Explanatory Variable (1) Cereals (2) Root/tubers (3) Vegetables (4) Fruits

= 1 if caloric intake per adult
equivalent exceeds 2,300 kcal

0.03∗∗∗

(0.00)
0.08∗∗∗

(0.00)
0.01∗∗

(0.01)
0.09∗∗∗

(0.00)

Explanatory Variable (5) Meat/poultry/offal (6) Eggs (7) Fish/seafood (8) Pulses/legumes/nuts

= 1 if caloric intake per adult
equivalent exceeds 2,300 kcal

0.12∗∗∗

(0.00)
0.05∗∗∗

(0.00)
0.08∗∗∗

(0.00)
0.11∗∗∗

(0.00)

Explanatory Variable (9) milk & milk prod-
ucts

(10) Oil/fats (11) Sugar/honey (12) Miscellaneous

= 1 if caloric intake per adult
equivalent exceeds 2,300 kcal

0.09∗∗∗

(0.00)
0.06∗∗∗

(0.00)
0.08∗∗∗

(0.00)
0.09∗∗∗

(0.00)

Note: Sample size: N = 10, 355. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 with p-values in parenthesis. Standard
errors are clustered at the household level.
Other covariates omitted from the table: age, gender, educational years, and years of living in the community by household
head, adult equivalents, acres of owned land, membership to SACCO, distance to nearest market, rainfall in cultivation
seasons and over 5 years for each long and short rain, dummies for areas, waves, and interview periods, time-averaged values.
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Table A12: FE Estimates of Maize Harvests on its Planted Acre and the
Squared Term

(1) (2)
Maize Harvests Maize Harvests

Explanatory Variable in Long Rain in Short Rain

Instrumental variables:
Planted acre for maize in long rain 163.43∗∗∗

(0.00)
Squared term of planted acre for maize
in long rain

-1.89
(0.37)

Planted acre for maize in short rain 184.08∗∗∗

(0.00)
Squared term of planted acre for maize
in short rain

-4.49∗∗

(0.02)

F statistic for planted acre and its
squared term (p-value in parenthesis)

12.06∗∗∗

(0.00)
6.60∗∗∗

(0.00)

Note: Sample size: N = 5, 984 in Column (1) and N = 1, 636 in Column (2).
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. Standard
errors are clustered at the household level.
Other covariates omitted from the table: age, gender, educational years, and
years of living in the community by household head, adult equivalents, acres
of owned land, membership to SACCO, distance to nearest market, rainfall
in cultivation seasons and over 5 years for each long and short rain, dummies
for waves and interview periods.

Appendix 4-II. Supplementary Information in Methodology and Results

Inverse Relationship for Maize Harvests in Long and Short Rainy Seasons

In Table A12, I check whether the inverse relationship holds in each long and short rainy

season in my dataset. Using the FE model, I regress total maize harvests in the long rainy

season in Column (1), whereas I regress maize harvests in the short rainy season in Column

(2). The covariates are the planted acre for maize for each rainy season, its squared term,

and the same household characteristics used in our main analysis (however, I omit four area

dummies owing to multicollinearity).

Column (1) shows that the coefficient for the planted acre for maize in the long rainy

season is significantly positive. The coefficient for its squared term is negative, although it is

not significant. The F statistic for the two variables is significant. Column (2) shows that the

coefficient for the planted acre in the short rainy season is significantly positive, whereas the

coefficient for its squared term is significantly negative. These two variables are also jointly

significant. These results support the inverse relationship in our dataset.

First-Stage Results in FE-2SLS

In Table A13, I conduct the FE estimation of Sit and S2
it on four IVs as the first stage of

the FE-2SLS model. Other covariates are omitted in the table, although they are included

in the analysis. Standard errors are clustered at the household level.
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In Table A13, three meteorological indices tend to be individually significant (Even if I

find no statistical significance, p-values tend to be close to 0.10). The proportion of farmers

planting annual crops in the short rainy season within a district is also individually significant.

The four IVs are also jointly significant.

First-Stage Results in ESR

Table A14 displays estimation results in the first stage of the ESR model. I run the CRE

probit estimation of off-farm incomeit on IVs and exogenous explanatory variables. Other

covariates than IVs are omitted in the table, although they are included in the analysis.

In Table A14, meteorological indices are individually significant except for NINO3.4. The

proportion of farmers having non-agricultural occupations within a district is also significant.

Consequently, the five IVs are jointly significant.

Full Results of Table 4.4

Table A15 displays estimated coefficients for all covariates used in this chapter. However,

time-averaged values in the ESR model are omitted in the table, although they are included

in the analysis.
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Table A13: FE Estimates of Sit and S2
it on IVs

(1) (2)
Explanatory Variable Sit S2

it

Instrumental variables:
Sum of NINO3.4 in September-February
of following year

-0.04∗

(0.10)
-1.25∗∗

(0.04)
Sum of DMI in September-February of fol-
lowing year

0.96∗∗

(0.05)
17.65
(0.10)

Interaction between NINO3.4 and DMI in
September-February of following year

-0.00
(0.12)

-0.07
(0.22)

Proportion of farmers planting annual
crops in short rain within a district

3.03∗∗∗

(0.00)
31.25∗∗∗

(0.00)

F statistic for four IVs (p-value in paren-
thesis)

16.04∗∗∗

(0.00)
3.53∗∗∗

(0.01)

Note: Sample size: N = 10, 355. Significance levels: ∗ p<0.1; ∗∗ p<0.05;
∗∗∗ p<0.01 in parenthesis. Standard errors are clustered at the household
level.
Other covariates omitted from the table: age, gender, educational years,
and years of living in the community by household head, adult equivalents,
acres of owned land, membership to SACCO, distance to nearest market,
rainfall in cultivation seasons and over 5 years for each long and short rain,
dummies for areas, waves, and interview periods.

Table A14: CRE Probit Estimates of off-farm incomeit on
IVs

(1)
Explanatory Variable off-farm incomeit

Instrumental variables:
Sum of NINO3.4 in September-February
of following year

-0.02
(0.13)

Sum of DMI in September-February of fol-
lowing year

-1.38∗∗∗

(0.00)
Interaction between NINO3.4 and DMI in
September-February of following year

0.01∗∗∗

(0.00)
Proportion of farmers planting annual
crops in short rain within a district

-0.11
(0.50)

Proportion of farmers having non-
agricultural occupations within a district

2.65∗∗∗

(0.00)

F statistic for five IVs (p-value in paren-
thesis)

324.88∗∗∗

(0.00)

Note: Sample size: N = 10, 355. Significance levels: ∗ p<0.1;
∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. Standard errors are
clustered at the household level.
Other covariates omitted from the table: age, gender,
educational years, and years of living in the community by
household head, adult equivalents, acres of owned land,
membership to SACCO, distance to nearest market, rainfall
in cultivation seasons and over 5 years for each long and short
rain, dummies for areas, waves, and interview periods, time-
averaged values.
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Table A15: Estimates of Welfare Impacts of the Cultivation in the Short Rainy Season

Homogeneous effects without interactions Heterogeneous effects with interactions

FE FE-2SLS FE ESR

(1) (2) (3) (4) (5) (6) (7) (8)
Explanatory Variable Kcal HDDS Kcal HDDS Kcal HDDS Kcal HDDS

Variables non-interacted with off-farm incomeit:
Acres of cultivated land in
short rain

28.57∗

(0.09)
0.03∗

(0.07)
1008.41∗

(0.06)
0.89∗∗

(0.03)
50.08∗

(0.06)
0.02
(0.49)

1058.38∗

(0.10)
0.25
(0.68)

Squared term of acres of
cultivated land in short rain

-0.69
(0.29)

-0.00
(0.20)

-97.57∗

(0.05)
-0.07∗

(0.06)
-1.81∗

(0.08)
-0.00
(0.81)

-105.96∗

(0.07)
-0.01
(0.86)

Age of household head 1.53
(0.73)

-0.01∗∗

(0.03)
2.60
(0.76)

-0.01
(0.16)

1.74
(0.73)

-0.01∗∗

(0.04)
0.77
(0.95)

-0.03∗∗

(0.02)
Male-headed household
(dummy)

-92.70
(0.36)

-0.01
(0.94)

-339.35
(0.18)

-0.19
(0.35)

-132.82
(0.26)

0.05
(0.74)

-554.62∗∗

(0.04)
-0.23
(0.44)

Years of education of house-
hold head

25.64∗∗

(0.01)
0.04∗∗∗

(0.00)
13.03
(0.60)

0.03
(0.12)

35.73∗∗∗

(0.01)
0.03∗

(0.08)
35.16
(0.45)

-0.00
(0.99)

Years of living in commu-
nity by household head

-1.41
(0.28)

-0.00
(0.14)

0.92
(0.73)

-0.00
(0.70)

-0.92
(0.64)

-0.00
(0.27)

1.33
(0.75)

0.00
(0.67)

Adult equivalents -225.51∗∗∗

(0.00)
0.07∗∗∗

(0.00)
-263.52∗∗∗

(0.00)
0.05
(0.17)

-230.26∗∗∗

(0.00)
0.08∗∗∗

(0.00)
-218.25∗∗∗

(0.00)
0.04
(0.37)

Acres of owned land 14.62∗∗∗

(0.00)
0.01∗∗∗

(0.01)
129.24∗

(0.06)
0.08∗

(0.09)
14.83∗∗∗

(0.00)
0.02∗∗

(0.03)
66.59∗∗

(0.04)
0.00
(0.95)

Belongs to SACCO
(dummy)

60.41
(0.48)

0.18∗

(0.07)
639.76
(0.12)

0.58∗

(0.06)
349.15∗

(0.10)
0.27
(0.15)

-275.89
(0.57)

0.02
(0.97)

Distance to nearest market
from plots (km)

-1.08∗

(0.07)
-0.00
(0.37)

-1.00
(0.29)

-0.00
(0.88)

-4.60∗∗

(0.01)
0.00
(0.95)

-5.82∗

(0.07)
-0.00∗

(0.09)
Rainfall during long rainy
season (mm) (log)

-133.04∗

(0.09)
-0.23∗∗

(0.02)
103.49
(0.64)

-0.10
(0.59)

-69.42
(0.60)

-0.41∗∗

(0.01)
517.01
(0.11)

-0.37
(0.21)

Rainfall during short rainy
season (mm) (log)

5.14
(0.95)

-0.04
(0.74)

100.73
(0.58)

0.05
(0.76)

114.85
(0.43)

-0.11
(0.57)

466.75
(0.15)

-0.11
(0.74)

Sum of long rain over past
5 years (mm) (log)

-74.63
(0.72)

-0.59∗∗

(0.02)
-97.60
(0.76)

-0.67∗∗

(0.03)
-175.89
(0.52)

-0.44
(0.16)

655.50
(0.24)

-0.66
(0.25)

Sum of short rain over past
5 years (mm) (log)

1.79
(0.99)

0.43∗

(0.08)
-533.80
(0.23)

0.04
(0.91)

-39.77
(0.87)

0.42
(0.16)

-391.09
(0.43)

-0.18
(0.73)

Resides in Northeast
(dummy)

1016.92
(0.27)

2.13∗∗∗

(0.01)
1514.28
(0.14)

2.37∗∗

(0.01)
874.34
(0.34)

2.20∗∗

(0.01)
-590.49∗

(0.10)
0.43
(0.17)

Resides in Coastal
(dummy)

-841.39
(0.30)

0.89
(0.30)

-11.39
(0.99)

1.23
(0.22)

-697.16
(0.39)

0.93
(0.29)

-128.21
(0.39)

-0.66∗∗∗

(0.00)
Resides in Central
(dummy)

-116.15
(0.88)

0.06
(0.95)

304.05
(0.71)

0.18
(0.83)

-134.89
(0.86)

-0.00
(1.00)

-13.84
(0.92)

-0.61∗∗∗

(0.00)
Resides in Lakes (dummy) -233.89

(0.79)
0.66
(0.33)

517.07
(0.60)

0.90
(0.26)

-218.36
(0.80)

0.68
(0.34)

410.58∗∗

(0.02)
-0.76∗∗∗

(0.00)
Interviewed from January
to March (dummy)

-181.72∗

(0.08)
-0.49∗∗∗

(0.00)
-374.85∗

(0.09)
-0.66∗∗∗

(0.00)
-91.96
(0.47)

-0.40∗∗∗

(0.01)
-783.53∗∗

(0.01)
-0.40
(0.17)

Interviewed from April to
June (dummy)

16.86
(0.84)

-0.17∗

(0.08)
87.63
(0.62)

-0.13
(0.38)

-128.85
(0.23)

-0.17
(0.18)

-354.12
(0.13)

-0.21
(0.40)

Interviewed from October
to December (dummy)

-98.78
(0.37)

-0.27∗∗

(0.05)
-434.95
(0.14)

-0.52∗∗

(0.03)
-51.01
(0.71)

-0.30∗

(0.06)
-581.69∗∗

(0.02)
-0.39
(0.17)

In 2010/11 (dummy) -494.45∗∗∗

(0.00)
0.45∗∗∗

(0.00)
-459.69∗∗∗

(0.00)
0.48∗∗∗

(0.00)
-647.03∗∗∗

(0.00)
0.42∗∗∗

(0.00)
-534.68∗∗∗

(0.00)
0.46∗∗∗

(0.00)
In 2012/13 (dummy) -572.10∗∗∗

(0.00)
0.24∗∗∗

(0.00)
-613.94∗∗∗

(0.00)
0.23∗∗

(0.02)
-736.05∗∗∗

(0.00)
0.19∗

(0.06)
-667.15∗∗∗

(0.00)
0.38∗∗

(0.01)
In 2014/15 (dummy) -656.58∗∗∗

(0.00)
0.43∗∗∗

(0.00)
-955.95∗∗∗

(0.00)
0.30
(0.16)

-812.02∗∗∗

(0.00)
0.47∗∗∗

(0.00)
-660.82∗∗∗

(0.00)
0.86∗∗∗

(0.00)
In 2018/19 (dummy) -653.30∗∗∗

(0.00)
0.57∗∗∗

(0.00)
-950.56∗∗∗

(0.00)
0.49∗

(0.06)
-688.88∗∗∗

(0.00)
0.74∗∗∗

(0.00)
-1540.63∗∗∗

(0.00)
1.22∗∗∗

(0.00)
In 2020/21 (dummy) -677.68∗∗∗

(0.00)
0.49∗∗∗

(0.00)
-883.32∗∗∗

(0.00)
0.48∗

(0.05)
-823.02∗∗∗

(0.00)
0.68∗∗∗

(0.00)
-1076.48∗∗∗

(0.00)
1.06∗∗∗

(0.00)
Any member has a non-
agri. occupation (dummy)

-497.55
(0.74)

-0.28
(0.88)

-1245.89
(0.91)

-2.01
(0.89)

Generalized residuals ob-
tained in probit estimation

616.22∗

(0.07)
-0.08
(0.81)
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(Continued.) Estimates of Welfare Impacts of the Cultivation in the Short Rainy Season

Homogeneous effects without interactions Heterogeneous effects with interactions

FE FE-2SLS FE ESR

(1) (2) (3) (4) (5) (6) (7) (8)
Explanatory Variable Kcal HDDS Kcal HDDS Kcal HDDS Kcal HDDS

Interaction terms with off-farm incomeit:
Acres of cultivated land in
short rain

-32.98
(0.28)

0.01
(0.71)

-521.96
(0.52)

0.87
(0.31)

Squared term of acres of
cultivated land in short rain

1.56
(0.19)

-0.00
(0.63)

52.41
(0.47)

-0.08
(0.25)

Age of household head -1.37
(0.64)

0.00
(0.54)

1.21
(0.93)

0.02
(0.21)

Male-headed household
(dummy)

67.33
(0.44)

-0.11
(0.32)

490.83
(0.14)

0.13
(0.76)

Years of education of house-
hold head

-14.61
(0.20)

0.01
(0.63)

-23.71
(0.62)

0.04
(0.36)

Years of living in commu-
nity by household head

-0.62
(0.76)

0.00
(0.83)

-1.92
(0.70)

-0.01
(0.30)

Adult equivalents 15.20
(0.43)

-0.01
(0.49)

-29.41
(0.68)

0.02
(0.81)

Acres of owned land -0.38
(0.94)

-0.00
(0.75)

44.23
(0.57)

0.16∗

(0.08)
Belongs to SACCO
(dummy)

-365.50
(0.10)

-0.12
(0.56)

751.57
(0.20)

1.01∗

(0.10)
Distance to nearest market
from plots (km)

3.94∗∗

(0.04)
-0.00
(0.82)

5.65∗

(0.09)
0.01∗

(0.09)
Rainfall during long rainy
season (mm) (log)

-117.36
(0.45)

0.26
(0.17)

-766.33∗∗

(0.03)
0.21
(0.55)

Rainfall during short rainy
season (mm) (log)

-152.54
(0.37)

0.09
(0.68)

-547.59
(0.11)

0.21
(0.59)

Sum of long rain over past
5 years (mm) (log)

106.56
(0.63)

-0.15
(0.57)

-1357.68∗∗

(0.04)
-0.23
(0.76)

Sum of short rain over past
5 years (mm) (log)

152.93
(0.51)

-0.06
(0.85)

17.40
(0.98)

0.24
(0.79)

Resides in Northeast
(dummy)

-190.46
(0.27)

-0.22
(0.30)

241.56
(0.57)

-0.54
(0.25)

Resides in Coastal
(dummy)

-292.29∗∗

(0.04)
-0.16
(0.32)

-30.16
(0.89)

-0.19
(0.42)

Resides in Central
(dummy)

-331.55∗∗∗

(0.01)
0.14
(0.39)

-203.53
(0.29)

-0.19
(0.43)

Resides in Lakes (dummy) -276.76∗∗

(0.03)
-0.09
(0.57)

-62.94
(0.76)

0.15
(0.57)

Interviewed from January
to March (dummy)

-134.06
(0.20)

-0.13
(0.31)

659.46∗

(0.07)
-0.28
(0.48)

Interviewed from April to
June (dummy)

245.00∗∗

(0.01)
-0.02
(0.86)

640.85∗∗

(0.02)
0.22
(0.51)

Interviewed from October
to December (dummy)

-62.15
(0.56)

0.06
(0.66)

378.74
(0.33)

-0.15
(0.75)

In 2010/11 (dummy) 263.74∗∗

(0.01)
-0.01
(0.95)

180.14
(0.30)

-0.01
(0.97)

In 2012/13 (dummy) 273.69∗∗

(0.02)
0.06
(0.61)

118.54
(0.51)

-0.33
(0.14)

In 2014/15 (dummy) 262.01∗∗

(0.02)
-0.08
(0.57)

-51.74
(0.84)

-0.67∗∗

(0.03)
In 2018/19 (dummy) 39.14

(0.81)
-0.24
(0.26)

1014.34∗∗

(0.05)
-0.57
(0.27)

In 2020/21 (dummy) 220.14∗

(0.10)
-0.30∗

(0.08)
660.01∗

(0.07)
-0.52
(0.15)

Generalized residuals ob-
tained in probit estimation

-792.14∗

(0.06)
0.24
(0.60)

Note: Sample size: N = 10, 355. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I use standard errors clustered at the household
level in FE, robust standard errors in FE-2SLS, and standard errors obtained by bootstrapping with 500 repetitions in ESR. Time-averaged values
and their interaction terms are omitted in Columns (7)-(8), although they are included in the analysis.
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Table A16: FE-2SLS Estimates of Crop Diversity and Pooled CF-CRE Probit Estimates of Planting Each
Crop Types During the Short Rainy Season on Farmers’ Holdings of Non-Agricultural Occupations

(1) (2) (3) (4) (5) (6)
Number of Staple Sorghum/ Legume/ Vegetable/ Cash

Explanatory Variable Crop Types Crops Tuber/Root Oil Fruit Crops

off-farm incomeit -0.26
(0.67)

0.07
(0.31)

-0.18∗

(0.07)
-0.11
(0.30)

0.20∗∗∗

(0.00)
-0.17∗∗

(0.01)

Note: Sample size: N = 10, 355. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis.
Robust standard errors are used in Column (1). In Columns (2)-(6), standard errors are obtained
by bootstrapping with 500 repetitions. APEs are displayed in Columns (2)-(6).
Other covariates omitted from the table: age, gender, educational years, and years of living in the
community by household head, adult equivalents, acres of owned land, membership to SACCO,
distance to nearest market, rainfall in cultivation seasons and over 5 years for each long and short
rain, dummies for areas, waves, and interview periods (and time-averaged values in Columns (2)-(6)).

Appendix 4-III. Supplementary Information on Discussion

Crop Diversity

To examine whether farmers who have non-agricultural occupations diversify the composition

of planted crops during the short rainy season, I classify planted crops into five crop types:

staple crops (e.g., maize, paddy), sorghum/roots/tubes, legumes/oil, fruits/vegetables, and

cash crops.8 I use the sum of crop types planted during the short rainy season as an indicator

of crop diversification. I restrict my dataset to farmers who plant annual crops during the

short rainy season, because I aim to examine crop diversity in this season. Using the FE-2SLS

model in Equation (4.4.1), I regress the sum of planted crop types on off-farm incomeit, with

the district-level proportion of off-farm incomeit used for its IV. I use the same covariates as

my main analysis in Equation (4.4.1), except that I exclude Sit and S2
it from the covariates. I

use robust standard errors. Column (1) in Table A16 displays its estimation results. I find no

evidence that crop diversity during the short rainy season is associated with whether farmers

have non-agricultural occupations.

Combining the pooled CRE probit model with the CF approach (Papke and Wooldridge

2008), I also examine the probability that farmers plant each crop type. Standard errors are

obtained by bootstrapping with 500 repetitions. Table A16 displays APEs in estimation re-

sults. Farmers with non-agricultural occupations are less likely to plant sorghum/roots/tubers

in Column (3) and cash crops in Column (6). Sorghum/tubers/roots (e.g., millet and pota-

toes) are low-valued but drought-resistant crops. Thus, farmers may have less incentives to

plant sorghum/tubers/roots to reduce climatic risks if they have stable off-farm income. They

may also not have to plant cash crops (e.g., cotton and tobacco) to each cash income if they

can obtain cash income from non-farm activities. In contrast, farmers with non-agricultural

occupations are more likely to plant vegetables/fruits in Column (5). They may be able to

afford to plant these crops as dietary sources of minerals and vitamins.

8Permanent fruit trees and cash crops are included in these categories.
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Appendices for Chapter 5

Appendix 5-I. Supplementary Information in Background Information and Con-

ceptual Framework

Distribution of Students in Vocational and Teaching Schools

Table A17 displays the number of students attending the MS+ course, Certificate course,

Diploma course, and non-formal education. Non-formal education, which is not depicted in

the formal educational system in Figure 5.1, helps out-of-school children return back to the

formal education. Table A17 shows that the numbers of students attending vocational and

teaching schools are considerably low relative to pre-primary, primary, and lower-secondary

schools.

Total Sales Revenues over the Two Rainy Seasons

Using the CRE Tobit model, Table A18 shows estimation results of total revenues of crop

sales within a year.9 Because sales revenues are large monetary values in Tanzanian shillings

and the Tobit model is susceptible to the violation of the normality of the error term

(Cameron and Trivedi 2010), I transform the dependent variable in logarithmic form after I

add one to the original values. APEs are displayed in Table A18. I use the same covariates as

my main analysis in Equation (5.4.1). Standard errors are clustered at the household level.

Column (1) of Table A18 shows that the double-cropping is associated with 87% more

crop sales revenues within a year. In Column (2), I also add the interaction term Dit ×
ln(Assetit + 1), as in Equation (5.4.2). Although Dit is not individually significant, the

estimated coefficient for Dit is positive and that for Dit×ln(Assetit+1) is negative. Moreover,

Dit and Dit × ln(Assetit + 1) are jointly significant. Farmers with high levels of asset values

may gain income from non-farm activities rather than from on-farm activities.

Relationship between Farmers’ Decisions to Sell Crops and the Schooling of Children

Using the pooled CRE probit model, Table A19 shows estimation results for the probability

that farmers sell harvested crops in the long rainy season and that they sell crops in the

short one. I focus on two explanatory variables: the sum of enrolling children and the sum

of non-schooling children from pre-primary schools to lower-secondary schools. APEs are

displayed in Table A19. I use the same covariates as my main analysis except for Dit, Dit ×
ln(Assetit +1), and ln(Assetit +1) in Equation (5.4.2). Standard errors are clustered at the

household level.

9Although a part of sales of fruits and permanent cash crops are not incorporated in Figure 5.5 owing to
a lack of information on the period of the harvest, the total sales revenues in Table A18 include them. This
is because we do not need to differentiate them by the period of the harvest.
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Table A17: Number of Students in Each Educational Level

Age of MS+ Certificate Diploma Non-Formal
Children Course Course Course Education

Official School Age of Pre-Primary School:
5 (PP)
6 (PP)

Official School Age of Primary School:
7 (D1)
8 (D2) 2
9 (D3)
10 (D4)
11 (D5) 1
12 (D6) 2
13 (D7) 5 2

Official School Age of Lower-Secondary School:
14 (F1) 1
15 (F2) 6
16 (F3) 5 1
17 (F4) 11 5 1 1

Official School Age of Upper-Secondary School:
18 (F5) 4 18 3
19 (F6) 2 22 5

Official School Age of University:
20 (U1) 2 44 5
21 (U2) 1 26 8
22 (U3) 22 11

Total 37 137 33 9

Note: The table displays the number of students for each age of children attending school.

Table A18: Pooled CRE Tobit Estimates of APEs for Total Revenues of Crop Sales over
the Two Rainy Seasons

(1) (2)
Total Sales Revenue Total Sales Revenue

Explanatory Variables (No interaction term) (Include interaction term)

Dit (double-cropping) (dummy) 0.87∗∗∗

(0.00)
2.26
(0.19)

Dit × ln(Assetit + 1) (interaction
term)

-0.09
(0.41)

ln(Assetit + 1) (log of asset values) 0.20∗∗∗

(0.00)
0.23∗∗∗

(0.00)

F statistic (p-values in parenthesis):
β1j = β2j = 0

14.25∗∗∗

(0.00)

Note: Sample size: N = 11, 031. Significance levels: ∗ p<0.1, ∗∗ p<0.05, ∗∗∗ p<0.01
in parenthesis. Standard errors are clustered at the household level.
I use the same covariates as Table A22, though they are omitted from the table.
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Table A19: Pooled CRE Probit Estimates of APEs for the Probability of Selling Harvested Crops
in Each Rainy Season

(1) (2)
Prob. of Selling Prob. of Selling

Explanatory Variables in Long Rain in Short Rain

The sum of children enrolling in pre-primary, pri-
mary, and lower-secondary schools

-0.00
(0.88)

0.01∗

(0.05)
The sum of non-schooling children with official ages
of pre-primary, primary, and lower-secondary schools

0.01
(0.43)

0.01∗∗

(0.03)

Note: Sample size: N = 11, 031. Significance levels: ∗ p<0.1, ∗∗ p<0.05, ∗∗∗ p<0.01 in parenthesis.
Standard errors are clustered at the household level.
Other covariates omitted from the table: age, gender, and educational years by household head, adult
equivalents, numbers of children aged 5-17 and adults aged 18-60, acres of owned land, membership
to SACCO, residence in urban areas, holding of non-agricultural occupations, rainfall in cultivation
period and sum of rainfall over five years in each long and short rainy season, area and wave dummies,
time-averaged values.

In Column (1), I find no evidence that the sum of enrolling children and that of non-

schooling children are associated with the probability of selling harvested crops in the long

rainy season. Conversely, these explanatory variables are significantly positive in Column

(2), suggesting that farmers rely on additional agricultural income in the short rainy season

to cover educational expenses.
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Table A20: CRE Probit/Tobit Estimates of APEs for Children’s Enrollment in and Continuation of School
with the Covariate of Dit ×Asset2it

Enrollment in school Continuation of school

(1) (2) (3) (4) (5) (6) (7)
Pre- Primary Lower- Take Pre- Primary Lower-
Primary Secondary PSLE Primary Secondary

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.02
(0.15)

0.06∗∗∗

(0.00)
-0.01
(0.49)

0.01
(0.66)

-0.00
(0.75)

-0.04
(0.29)

-0.01
(0.69)

Dit × Assetit (interaction
term)

-0.00
(0.41)

-0.00∗∗

(0.01)
0.00
(0.31)

-0.00
(0.95)

-0.00
(0.53)

0.00∗

(0.07)
-0.00
(0.80)

Dit × Asset2it (interaction
term)

-0.00
(0.39)

0.00
(0.15)

-0.00
(0.16)

-0.00
(0.97)

-0.00
(0.83)

-0.00
(0.39)

0.00
(0.22)

Assetit (log of household as-
set values in Tsh)

0.00
(0.72)

0.00
(0.54)

-0.00
(0.48)

-0.00
(0.12)

-0.00
(0.88)

-0.00
(0.22)

-0.00
(0.28)

F statistic (p-values in parenthesis
β1j = β2j = β3j = 0 (coef-
ficients for Dit, Dit × Assetit,
and Dit ×Asset2it)

2.27
(0.32)

8.90∗∗

(0.01)
1.12
(0.57)

0.46
(0.80)

0.94
(0.39)

1.78
(0.17)

0.44
(0.65)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I obtain SE clustered at the household level.
I use the same covariates as Table A22, though they are omitted from the table.

Appendix 5-II. Supplementary Information in Results and Discussion

Estimating Interaction Term between Dit and Asset2it

To check whether the heterogeneous impacts of the double-cropping through asset values are

inverted U-shaped, I estimate the following equation, using the pooled CRE probit/Tobit

models:

y∗ijt = β1jDit + β2jDit ×Assetit + β3jDit ×Asset2it + β4jAssetit + δ
′

jxit + µij + ϵijt, (6.3.6)

Table A20 displays estimation results. In Columns (1)-(4), I estimate the probability of

children’s enrollment in each school, whereas I estimate the number of children continuing

to attend it in Columns (5)-(7). I find no individual significance for Dit × Asset2it in all

columns. The F test shows that Dit, Dit×Assetit, and Dit×Asset2it are jointly significant in

Column (2). However, the coefficient for Dit × Asset2it is not negative. Conversely, Column

(2) shows that Dit and Dit × Assetit are individually significant, which suggests that the

joint significance is caused by Dit and Dit ×Assetit, rather than Dit ×Asset2it. Thus, I find

no evidence of the inverted U-shaped effects of the double-cropping over asset values.

First-Step Results in the CF Approach

In Table A21, I conduct the pooled CRE Probit estimation of Dit and the pooled CRE Tobit

estimation of Dit × ln(Assetit + 1) on four IVs and other exogenous explanatory variables
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Table A21: First-Stage Estimates of Dit and Dit × ln(Assetit + 1) on IVs

(1) Probit (2) Tobit
Explanatory Variable Dit Dit×ln(Assetit+1)

Instrumental variables:
Sum of NINO3.4 in September-February
of following year

0.01∗∗∗

(0.00)
0.11∗∗

(0.04)
Sum of DMI in September-February of fol-
lowing year

0.18∗∗

(0.05)
1.88
(0.17)

Interaction between NINO3.4 and DMI in
September-February of following year

-0.00∗∗

(0.03)
-0.01
(0.15)

Proportion of farmers cultivating in the
two rainy seasons within a district

0.67∗∗∗

(0.00)
14.64∗∗∗

(0.00)

F statistic for four IVs (p-value in paren-
thesis)

615.88∗∗∗

(0.00)
213.20∗∗∗

(0.00)

Note: Sample size: N = 11, 031. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01
in parenthesis. Standard errors are clustered at the household level.
Other covariates omitted from the table: age, gender, and educational years by household
head, adult equivalents, numbers of children aged 5-17 and adults aged 18-60, acres of
owned land, membership to SACCO, residence in urban areas, holding of non-agricultural
occupations, rainfall in cultivation period and sum of rainfall over five years in each long
and short rainy season, area and wave dummies, time-averaged values.

in the first stage of the CF approach. Other explanatory variables are omitted in the table,

although they are included in the analysis. APEs are displayed in Column (1). Standard

errors are clustered at the household level.

In Column (1), all IVs are individually significant. In Column (2), the NINO3.4 index

and proportion of farmers cultivating in both rainy seasons are individually significant. The

four IVs are jointly significant in both columns.

Full Estimation Results

Table A22 displays full results for Table 5.5(a). Table A23 displays full results for Ta-

ble 5.6(a).

Frequency of Farmers’ Double-Cropping

Table A24 displays the frequency of farmers’ double-cropping in my dataset. I restrict my

dataset to farmers who adopted the double-cropping at least one time in the past six waves

from 2008/09 to 2020/21, so that I focus on farmers who can environmentally cultivate in the

short rainy season. Because my panel dataset comprises households who were interviewed

from two to five times, Table A24 separates the number of interviews from two to five in

columns.

Table A24 shows that the largest frequency of the double-cropping is one, regardless of

the number of interviews in the NPS. The frequency is dispersed relatively equally in the

range of more than one.

168



Table A22: Full Results for Table 5.5(a)

CRE model uncombined with CF CRE model combined with CF

(1) (2) (3) (4) (5) (6) (7) (8)
Pre- Primary Lower- Take Pre- Primary Lower- Take
Primary Secondary PSLE Primary Secondary PSLE

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.00
(0.58)

0.02
(0.17)

-0.00
(0.86)

0.01
(0.50)

-0.02
(0.43)

0.07∗∗

(0.01)
-0.01
(0.61)

0.01
(0.77)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

-0.00
(0.34)

0.00
(0.87)

0.00
(0.52)

-0.00
(0.88)

-0.00
(0.46)

-0.00
(0.96)

0.00
(0.53)

-0.00
(0.89)

Household and climatic characteristics and wave dummies:
Age of household head -0.00

(0.47)
-0.00
(0.96)

-0.00∗

(0.09)
-0.00∗∗∗

(0.01)
-0.00
(0.56)

-0.00
(0.94)

-0.00
(0.13)

-0.00∗∗

(0.02)
Male-headed household
(dummy)

0.01
(0.75)

-0.02
(0.40)

-0.02
(0.23)

0.02
(0.32)

0.01
(0.75)

-0.02
(0.39)

-0.02
(0.20)

0.02
(0.41)

Years of education of house-
hold head

-0.00
(0.21)

-0.00
(0.55)

0.00
(0.18)

0.00
(0.90)

-0.00
(0.22)

-0.00
(0.56)

0.00
(0.19)

0.00
(0.87)

Adult equivalents -0.03∗∗∗

(0.00)
-0.03∗∗∗

(0.00)
0.03∗∗∗

(0.00)
0.04∗∗∗

(0.00)
-0.03∗∗∗

(0.00)
-0.03∗∗∗

(0.00)
0.03∗∗∗

(0.00)
0.04∗∗∗

(0.00)
Number of children aged 7-17 0.06∗∗∗

(0.00)
0.09∗∗∗

(0.00)
-0.00
(0.29)

-0.00
(0.70)

0.06∗∗∗

(0.00)
0.08∗∗∗

(0.00)
-0.00
(0.25)

-0.00
(0.70)

Number of working adults 0.03∗∗∗

(0.00)
0.04∗∗∗

(0.00)
-0.03∗∗∗

(0.00)
-0.04∗∗∗

(0.00)
0.03∗∗∗

(0.00)
0.04∗∗∗

(0.00)
-0.03∗∗∗

(0.00)
-0.04∗∗∗

(0.00)
Acres of owned land -0.00

(0.45)
-0.00
(0.68)

0.00
(0.38)

-0.00∗∗

(0.03)
-0.00
(0.65)

-0.00
(0.66)

0.00
(0.42)

-0.00∗

(0.10)
Belongs to SACCO (dummy) -0.01

(0.43)
0.03
(0.27)

0.00
(1.00)

0.01
(0.67)

-0.01
(0.44)

0.02
(0.33)

-0.00
(0.97)

0.01
(0.74)

Resides in urban areas
(dummy)

-0.04
(0.10)

-0.02
(0.39)

-0.01
(0.66)

0.00
(0.97)

-0.03∗

(0.09)
-0.02
(0.37)

-0.01
(0.78)

0.00
(0.90)

Has non-agricultural occupa-
tions (dummy)

0.01
(0.28)

0.00
(0.67)

-0.01∗

(0.09)
0.00
(0.97)

0.01
(0.31)

0.00
(0.71)

-0.01
(0.10)

0.00
(1.00)

Rainfall during long rainy
season (mm) (log)

0.03∗∗

(0.04)
-0.00
(0.91)

-0.00
(0.83)

-0.02
(0.45)

0.04∗∗

(0.04)
-0.01
(0.60)

0.00
(0.76)

-0.01
(0.69)

Rainfall during short rainy
season (mm) (log)

0.02
(0.21)

-0.02
(0.32)

0.02
(0.24)

0.01
(0.60)

0.02
(0.23)

-0.02
(0.40)

0.01
(0.30)

0.01
(0.67)

Sum of long rain over past 5
years (mm) (log)

-0.01
(0.87)

0.05
(0.26)

-0.01
(0.85)

0.01
(0.78)

-0.01
(0.90)

0.05
(0.37)

0.00
(0.97)

0.02
(0.69)

Sum of short rain over past 5
years (mm) (log)

0.09∗∗

(0.02)
0.03
(0.52)

0.01
(0.71)

0.03
(0.58)

0.08∗

(0.05)
0.05
(0.38)

0.01
(0.76)

0.03
(0.56)

In Wave 2010/11 (dummy) 0.03∗∗∗

(0.00)
0.01
(0.21)

-0.00
(0.63)

0.03∗∗∗

(0.00)
0.02
(0.20)

-0.00
(0.63)

In Wave 2012/13 (dummy) 0.03∗∗∗

(0.00)
0.00
(0.72)

-0.01
(0.17)

-0.02∗

(0.07)
0.03∗∗∗

(0.01)
0.01
(0.60)

-0.01
(0.14)

-0.02∗∗

(0.05)
In Wave 2014/15 (dummy) 0.04∗∗∗

(0.00)
-0.01
(0.27)

-0.01∗

(0.08)
-0.02∗

(0.06)
0.04∗∗∗

(0.00)
-0.03∗

(0.05)
-0.02∗∗

(0.02)
-0.03∗∗

(0.01)
In Wave 2018/19 (dummy) 0.01

(0.52)
-0.00
(0.86)

-0.00
(1.00)

-0.01
(0.51)

-0.00
(0.98)

0.01
(0.60)

-0.02
(0.22)

-0.03
(0.21)

In Wave 2020/21 (dummy) 0.01
(0.48)

-0.04∗∗

(0.02)
0.01
(0.15)

-0.01
(0.21)

0.01
(0.62)

-0.04∗∗

(0.04)
0.00
(0.66)

-0.02∗

(0.06)
Resides in Northeast (dummy) -0.02

(0.19)
0.04∗∗

(0.01)
0.01
(0.39)

-0.01
(0.59)

-0.02
(0.15)

0.06∗∗∗

(0.00)
0.01
(0.22)

-0.00
(0.96)

Resides in Coastal (dummy) -0.04∗∗∗

(0.00)
-0.01
(0.28)

-0.01
(0.12)

-0.02
(0.12)

-0.04∗∗∗

(0.00)
-0.01
(0.48)

-0.01
(0.25)

-0.01
(0.27)

Resides in Central (dummy) 0.00
(0.72)

-0.01
(0.53)

-0.03∗∗∗

(0.00)
-0.03∗∗∗

(0.00)
0.00
(0.88)

0.00
(0.90)

-0.03∗∗∗

(0.00)
-0.03∗∗

(0.01)
Resides in Lakes (dummy) 0.01∗

(0.09)
0.03∗∗

(0.02)
-0.02∗∗

(0.03)
-0.02∗∗

(0.04)
0.01
(0.14)

0.04∗∗∗

(0.00)
-0.02∗∗

(0.03)
-0.02
(0.13)

Generalized residuals:
Generalized residuals for Dit 0.02

(0.17)
-0.04∗∗

(0.02)
0.01
(0.45)

0.01
(0.71)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I use SE clustered at the household level in
Columns (1)-(4) and SE by bootstrapping with 200 repetitions in Columns (5)-(8). Time-average values are included in
the estimation but omitted from the table.
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Table A23: Full Results for Table 5.6(a)

CRE model uncombined with CF CRE model combined with CF

(1) (2) (3) (4) (5) (6)
Pre- Primary Lower- Pre- Primary Lower-
Primary Secondary Primary Secondary

Double-cropping and assets:
Dit (double-cropping)
(dummy)

-0.01
(0.26)

0.01
(0.81)

-0.01
(0.52)

0.00
(0.91)

-0.00
(0.98)

-0.01
(0.84)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

-0.00
(0.63)

-0.00
(0.71)

-0.00
(0.59)

-0.00
(0.62)

-0.00
(0.72)

-0.00
(0.60)

Household and climatic characteristics:
Age of household head -0.00

(0.59)
-0.00
(0.84)

0.00
(0.82)

-0.00
(0.66)

-0.00
(0.87)

-0.00
(0.94)

Male-headed household
(dummy)

0.01
(0.46)

0.10∗

(0.08)
-0.02
(0.38)

0.01
(0.49)

0.10∗

(0.06)
-0.02
(0.45)

Years of education of house-
hold head

-0.00
(0.86)

-0.00
(0.84)

0.00
(0.60)

-0.00
(0.88)

-0.00
(0.85)

0.00
(0.66)

Adult equivalents -0.02∗∗∗

(0.00)
0.06∗∗∗

(0.00)
0.18∗∗∗

(0.00)
-0.02∗∗∗

(0.00)
0.06∗∗∗

(0.00)
0.18∗∗∗

(0.00)
Number of children aged 7-17 0.03∗∗∗

(0.00)
0.37∗∗∗

(0.00)
-0.11∗∗∗

(0.00)
0.03∗∗∗

(0.00)
0.37∗∗∗

(0.00)
-0.11∗∗∗

(0.00)
Number of working adults 0.02∗∗∗

(0.00)
-0.08∗∗∗

(0.00)
-0.19∗∗∗

(0.00)
0.02∗∗∗

(0.00)
-0.08∗∗∗

(0.00)
-0.19∗∗∗

(0.00)
Acres of owned land -0.00

(0.86)
0.00
(0.43)

-0.00
(0.51)

-0.00
(0.85)

0.00
(0.48)

-0.00
(0.41)

Belongs to SACCO (dummy) 0.03∗∗

(0.03)
0.13∗∗

(0.01)
0.00
(0.93)

0.03∗∗

(0.05)
0.13∗∗

(0.01)
0.00
(0.91)

Resides in urban areas
(dummy)

-0.01
(0.52)

0.09∗

(0.08)
0.03
(0.37)

-0.01
(0.54)

0.09∗

(0.06)
0.02
(0.48)

Has non-agricultural occupa-
tions (dummy)

0.00
(0.78)

-0.00
(0.87)

0.01
(0.18)

0.00
(0.77)

-0.00
(0.86)

0.01
(0.23)

Rainfall during long rainy
season (mm) (log)

0.00
(0.99)

0.10∗∗

(0.02)
-0.01
(0.79)

0.00
(0.97)

0.11∗∗

(0.02)
-0.02
(0.52)

Rainfall during short rainy
season (mm) (log)

-0.01
(0.23)

-0.01
(0.89)

0.02
(0.48)

-0.01
(0.26)

-0.01
(0.86)

0.02
(0.47)

Sum of long rain over past 5
years (mm) (log)

0.02
(0.52)

-0.27∗∗∗

(0.00)
-0.05
(0.35)

0.02
(0.50)

-0.27∗∗∗

(0.01)
-0.06
(0.32)

Sum of short rain over past 5
years (mm) (log)

0.01
(0.78)

-0.10
(0.33)

-0.06
(0.26)

0.01
(0.68)

-0.10
(0.29)

-0.06
(0.31)

In Wave 2010/11 (dummy) -0.00
(0.62)

-0.10∗∗∗

(0.00)
0.03∗∗∗

(0.01)
-0.00
(0.54)

-0.10∗∗∗

(0.00)
0.03∗∗

(0.01)
In Wave 2012/13 (dummy) 0.00

(0.72)
-0.16∗∗∗

(0.00)
0.00
(0.86)

0.00
(0.80)

-0.16∗∗∗

(0.00)
0.01
(0.69)

In Wave 2014/15 (dummy) 0.01
(0.13)

-0.22∗∗∗

(0.00)
-0.01
(0.59)

0.01
(0.29)

-0.23∗∗∗

(0.00)
0.00
(0.79)

In Wave 2018/19 (dummy) 0.01
(0.45)

-0.04
(0.36)

0.03
(0.18)

0.01
(0.63)

-0.04
(0.37)

0.06∗∗

(0.03)
In Wave 2020/21 (dummy) 0.01

(0.22)
-0.05∗

(0.10)
0.05∗∗∗

(0.00)
0.01
(0.20)

-0.07∗

(0.05)
0.06∗∗∗

(0.00)
Resides in Northeast (dummy) -0.00

(0.85)
-0.11∗∗∗

(0.00)
-0.00
(0.93)

-0.00
(0.94)

-0.09∗∗

(0.02)
-0.00
(0.85)

Resides in Coastal (dummy) -0.01
(0.45)

-0.06∗∗

(0.01)
-0.04∗∗∗

(0.01)
-0.01
(0.42)

-0.05∗

(0.06)
-0.04∗∗∗

(0.01)
Resides in Central (dummy) -0.00

(0.81)
-0.20∗∗∗

(0.00)
-0.08∗∗∗

(0.00)
-0.00
(0.86)

-0.20∗∗∗

(0.00)
-0.08∗∗∗

(0.00)
Resides in Lakes (dummy) 0.00

(0.50)
-0.11∗∗∗

(0.00)
-0.09∗∗∗

(0.00)
0.01
(0.31)

-0.10∗∗∗

(0.00)
-0.09∗∗∗

(0.00)

Generalized residuals:
Generalized residuals for Dit -0.00

(0.70)
0.02
(0.49)

0.01
(0.64)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I use SE clustered at the household
level in Columns (1)-(3) and SE by bootstrapping with 200 repetitions in Columns (4)-(6).
Time-average values are included in the estimation but omitted from the table.
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Table A24: Frequency of Farmers’ Double-Cropping

Number of interviews in the NPS

Frequency of double-cropping two three four five

one 1,602 864 100 325
two 712 552 40 115
three 789 44 100
four 16 120
five 100

Table A25: CF-CRE Probit/Tobit Estimates of APEs for Children’s Enrollment in and Continuation of
School under Restriction to Households with Children Aged 5-17

Enrollment in school Continuation of school

(1) (2) (3) (4) (5) (6) (7)
Pre- Primary Lower- Take Pre- Primary Lower-
Primary Secondary PSLE Primary Secondary

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.09
(0.42)

0.24
(0.13)

0.20∗∗

(0.02)
0.15
(0.25)

-0.05
(0.46)

-0.04
(0.92)

-0.01
(0.97)

Dit× ln(Assetit+1) (interac-
tion term)

-0.01
(0.30)

-0.01
(0.51)

-0.02∗∗

(0.02)
-0.01
(0.29)

0.00
(0.68)

-0.01
(0.73)

0.00
(0.80)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

-0.00
(0.86)

0.01
(0.41)

0.01∗∗

(0.05)
0.01
(0.53)

-0.00
(0.67)

0.00
(0.89)

-0.00
(0.71)

F statistic (p-values in parenthesis
β1j = β2j = 0 (coefficients for
Dit and Dit × ln(Assetit) + 1)

1.54
(0.46)

9.45∗∗∗

(0.01)
5.50∗

(0.06)
1.32
(0.52)

1.39
(0.50)

2.84
(0.24)

0.57
(0.75)

Note: Sample size: N = 7, 813 in pre-primary, primary, and lower-secondary schools; N = 6, 434 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I obtain SE by bootstrapping with 200
repetitions in all columns. I use the same covariates as Table A22, though they are omitted from the table.

Histogram of Household Asset Values

Figure A10 illustrates the histogram of household asset values per adult equivalent in Tanza-

nian shillings, with their quantiles depicted by red-dotted lines. Because some farmers have

few assets, the asset distribution has two modes, although the distribution is right-skewed

as a whole.

Robustness Check: Restriction to Households with Children Aged 5-17

For robustness check, I restrict the sample to households with children at official ages from

pre-primary to lower-secondary schools (5-17). Table A25 shows estimation results when I

use the CF approach and include the interaction term Dit × ln(Assetit + 1). Results on

children’s enrollment are displayed in Columns (1)-(4), whereas results on children’s school

continuation are displayed in Columns (5)-(7). In Column (2), Dit and Dit × ln(Assetit + 1)

are jointly significant. In Column (3), Dit and Dit × ln(Assetit + 1) are individually and

jointly significant. In contrast, I find no statistical significance in the continuation of school

in Columns (5)-(7). These results coincide with my main results.

For further robustness check, I create three household groups who have children at offi-
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Figure A10: Histogram of Household Asset Values per Adult Equivalent (Red-Dotted Lines: 10th, 25th, 50th,
75th, 90th quantiles)
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Table A26: CF-CRE Probit/Tobit Estimates of APEs for Children’s Enrollment in and Continuation of School
under Restriction to Three Household Groups with Children Aged 5-6, 7-13, and 14-17.

Enrollment in school Continuation of school

(1) (2) (3) (4) (5) (6) (7)
Pre- Primary Lower- Take Pre- Primary Lower-
Primary Secondary PSLE Primary Secondary

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.09
(0.79)

0.22
(0.29)

0.29
(0.15)

0.00
(0.99)

0.13
(0.42)

-0.06
(0.88)

-0.03
(0.93)

Dit× ln(Assetit+1) (interac-
tion term)

-0.01
(0.71)

-0.00
(0.91)

-0.02
(0.12)

-0.00
(0.89)

-0.01
(0.38)

-0.01
(0.72)

0.00
(0.87)

ln(Assetit + 1) (log of house-
hold asset values in Tsh)

0.01
(0.65)

0.01
(0.31)

0.02∗

(0.07)
0.01
(0.74)

0.00
(0.63)

0.01
(0.56)

-0.01
(0.57)

F statistic (p-values in parenthesis
β1j = β2j = 0 (coefficients for
Dit and Dit × ln(Assetit) + 1)

0.24
(0.89)

10.88∗∗∗

(0.00)
2.48
(0.29)

0.31
(0.86)

0.77
(0.68)

3.43
(0.18)

0.12
(0.94)

Note: Sample size: N = 1, 988 in pre-primary schools; N = 5, 890 in primary schools; N = 3, 502 in lower-secondary
schools; N = 2, 628 in PSLE. Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. We obtain SE by
bootstrapping with 200 repetitions in all columns. We use the same covariates as Table A22, though they are omitted
from the table.

cial ages of pre-primary schools (5-6), primary schools (7-13), and lower-secondary schools

(14-17), respectively. Then, I estimate impacts of the double-cropping on children’s school

enrollment and continuation within each corresponding household group, because the school

enrollment and continuation tend to concentrate on official age groups, as Table 5.1 shows.

For the analysis on the PSLE, I use the same household group as lower-secondary schools,

although households in Wave 2008/09 are excluded in the PSLE. Table A26 shows estimation

results when I use the CF approach and include the interaction term Dit× ln(Assetit+1). In

Column (2),Dit andDit×ln(Assetit+1) are jointly significant. Although I find no significance

in Column (3), the coefficients for Dit and Dit × ln(Assetit + 1) are positive and negative,

respectively. I find no statistical significance in the continuation of school in Columns (5)-(7).

Although the limited sample size may affect the statistical significance here, I obtain similar

results.

Robustness Check: Using Acres of Planted Land as Covariates

To incorporate acres of planted land during the short rainy season in covariates, I estimate

the following equation:

y∗ijt = γ1jSit + γ2jS
2
it + γ3jSit × ln(Assetit + 1) + γ4jS

2
it × ln(Assetit + 1)

+ γ5j ln(Assetit + 1) + δ
′

jxit + µij + ϵijt,

where Sit is acres of land planted for annual crops during the short rainy season. I focus

on annual crops because the NPS provides information on planted acres for annual crops. I

further add to covariates its squared term S2
it to incorporate the inverse relationship between
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Table A27: CRE Probit/Tobit Estimates of APEs for Children’s Enrollment in and Continuation of School
on Acre of Planted Land, its Squared Term, and their Interaction Terms with Log of Asset Values

Enrollment in school Continuation of school

(1) (2) (3) (4) (5) (6) (7)
Pre- Primary Lower- Take Pre- Primary Lower-
Primary Secondary PSLE Primary Secondary

Double-cropping and assets:
Sit (acres of planted land for
annual crops in short rain)

0.04
(0.42)

-0.03
(0.60)

0.05∗

(0.10)
0.11∗∗

(0.03)
0.01
(0.71)

-0.07
(0.51)

0.02
(0.74)

S2
it (squared term of Sit) -0.00

(0.52)
0.00
(0.94)

-0.00∗∗∗

(0.00)
-0.01∗∗∗

(0.00)
-0.00
(0.77)

-0.00
(0.90)

-0.00
(0.41)

Sit × log(Assetit + 1) -0.00
(0.44)

0.00
(0.52)

-0.00∗

(0.09)
-0.01∗∗

(0.04)
-0.00
(0.70)

0.00
(0.53)

-0.00
(0.71)

S2
it × log(Assetit + 1) 0.00

(0.57)
-0.00
(0.83)

0.00∗∗∗

(0.00)
0.00∗∗∗

(0.00)
0.00
(0.79)

0.00
(0.89)

0.00
(0.42)

log(Assetit + 1) -0.00
(0.44)

0.00
(0.98)

0.00
(0.37)

0.00
(0.92)

-0.00
(0.64)

-0.00
(0.65)

-0.00
(0.61)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. We use SE clustered at the household
level in Columns (1)-(4) and SE by bootstrapping with 200 repetitions in Columns (5)-(8). We use the same
covariates as Table A22, though they are omitted from the table.

farm productivity and farm size, as Chapter 4 did. The marginal increase of harvests per land

may decrease as planted acres increase, which may lead to diminishing returns of children’s

education to planted land.

Using CRE probit/Tobit models, Table A27 displays estimates of APEs for children’s

enrollment in and continuation of school in the equation above. In Table A27, I do not

combine CRE models with the CF approach because I find no individual significance for all

IVs when S2
it and S2

it × log(Assetit + 1) are dependent variables in the first stage of the CF

approach. Although estimation methods are not rigorous in Table A27, I still see its results

to check the robustness of our main results.

Column (3) shows that one acre of planted land during the short rainy season is positively

associated with the probability to enroll in lower-secondary schools by 5 pp. This increase

in the enrollment probability is weakened as acres of planted land increase, because S2
it is

significantly negative, which is consistent with the inverse relationship between farm produc-

tivity and farm size. Furthermore, the impacts of Sit decrease as households’ asset levels rise,

because the interaction term between Sit and log(Assetit+1) is significantly negative, which

coincides with observations in our main analysis. In contrast, because S2
it × log(Assetit + 1)

is significantly positive, the influence of the inverse relationship is weakened as asset levels

increase.

The same argument applies in Column (4). Unlike our main results, I find statistical

significances in the probability for children to take the PSLE. Thus, estimation results may

somewhat depend on a form of estimated models. However, it seems that farmers’ cultivation

in the short rainy season promotes children’s school enrollment, regardless of the difference

in estimated models.
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Table A28: CRE Probit/Tobit Estimates of APEs for Children’s Enrollment/Attendance in Schools on Educa-
tional Reform in 2016

Enrollment in School Number of Non-Schooling Children

(1) (2) (3) (4) (5) (6) (7)
Pre- Primary Lower- Take Pre- Primary Lower-
Primary Secondary PSLE Primary Secondary

Double-cropping and assets:
Dit (double-cropping)
(dummy)

0.19∗∗

(0.03)
0.28∗∗

(0.03)
-0.03
(0.74)

-0.03
(0.81)

0.02
(0.86)

0.09
(0.58)

-0.20
(0.14)

Dit× ln(Assetit+1) (interac-
tion term)

-0.01∗∗

(0.04)
-0.02∗∗

(0.04)
0.00
(0.74)

0.00
(0.77)

-0.00
(0.84)

-0.01
(0.51)

0.01
(0.15)

Dit ×Reformit (dummy) -0.28
(0.26)

0.32
(0.48)

0.03
(0.87)

0.19
(0.43)

-0.87∗

(0.08)
-0.31
(0.53)

0.95∗

(0.06)
Dit × ln(Assetit + 1) ×
Reformit

0.02
(0.26)

-0.02
(0.46)

-0.00
(0.89)

-0.01
(0.44)

0.06∗

(0.08)
0.02
(0.48)

-0.07∗∗

(0.04)
ln(Assetit + 1) (log of house-
hold asset values in Tsh)

0.00
(0.95)

0.01
(0.20)

0.00
(0.76)

-0.00
(0.83)

0.00
(0.62)

0.00
(0.81)

-0.00
(0.38)

Note: Sample size: N = 11, 031 in pre-primary, primary, and lower-secondary schools; N = 9, 178 in PSLE.
Significance levels: ∗ p<0.1; ∗∗ p<0.05; ∗∗∗ p<0.01 in parenthesis. I use SE clustered at the household level.
I use the same covariates as Table A22, though they are omitted from the table.

Impacts of Educational Reform

I examine how the impacts of the double-cropping were changed by the fee-free education. I

introduce a dummy variable Reformit, which is equal to one for farmers in the wave 2018/19

or 2020/21. I add to covariates in Equation (5.4.2) two interaction terms, Dit×Reformit and

Dit × ln(Assetit) × Reformit, and estimate their APEs. Because it is considerably difficult

to satisfy assumptions of IV for as many as four endogenous variables, I do not combine

the CRE probit and Tobit models with the CF approach.10 However, the CRE model may

indicate useful information on the impacts of the educational reform.

Instead of using the number of children continuing schools, I construct the number of non-

schooling children who are at official ages of pre-primary schools (5-6), primary schools (7-

13), and lower-secondary schools (18-19). As mentioned in “Gender-Differential Impacts” in

Discussion, my variable on the continuation of pre-primary schools may reflect the enrollment

in primary schools.

Table A28 displays estimation results of children’ enrollment in Columns (1)-(4) and the

number of non-schooling children in Columns (5)-(7). In Column (5), the estimated APE for

Dit × Reformit is significantly negative, whereas that for Dit × ln(Assetit) × Reformit is

significantly positive. Thus, the double-cropping after the educational reform enables farmers

to make their children attend pre-primary schools. Moreover, this effect is stronger for asset-

poor farmers than for asset-rich farmers. Although the underlying mechanism is unclear, the

educational reform seems to contribute to early education of children through enhancing the

potential role of the short rainy season in Tanzania.

10My IVs are not jointly significant for Dit ×Reformit and Dit × ln(Assetit)×Reformit in the first step
of the CF approach.
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