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In many low-income African countries, agriculture is the dominant sector in
terms of employment and output. What are the key features of the agricultural sec-
tor? Two points stand out. First, agriculture is the sector most centrally involved
in the production of food – and food accounts for the largest share of expenditures
for low-income consumers. Indeed, many people live close to a subsistence level,
and food availability is a central concern. Second, and less obviously, agriculture
is the sector that most fundamentally uses land as an input. Consequently, pro-
duction is necessarily dispersed across geographic space. The movement of inputs
and outputs – often bulky and/or perishable – is an unavoidable feature of agricul-
tural economies. This in turn implies that spatial frictions play an important role
in agricultural economies. Moreover, transport costs are extremely high in many
low-income economies – by one estimate, four or five times higher than in the
United States. Faced with high spatial frictions, many people in these economies
live in quasi-autarky, producing most of the food that they consume.

In this thesis, I consider the ways in which low-income economies in Africa
are shaped by food dependence and by spatial frictions – and by the interplay
between these two characteristics. The thesis consists of three stand-alone essays
that address different aspects of development, focusing on spatial frictions and
food security.

Chapter 1 analyses the role of domestic trade frictions for processes of struc-
tural change in an open economy. In a closed economy, low agricultural pro-
ductivity leads a large share of the population to work in agriculture to produce
sufficient food. By contrast, a perfectly open economy with low agricultural pro-
ductivity may import food to meet subsistence needs, thus releasing labour into
other more productive sectors in the economy. I develop a stylised spatial general
equilibrium model of a small open economy with spatial heterogeneity and high
domestic trade frictions. I find that in such an imperfectly open economy, the food
problem can continue to bind. Domestic spatial frictions matter crucially for the
sectoral and spatial allocation of economic activity, for the economy’s pattern of
international trade, and for spatial differences in food consumption.



Chapter 2 (co-authored with Christopher Adam and Douglas Gollin) investi-
gates the impact of global food, fuel and fertiliser price shocks on welfare in low-
income countries – where these shocks are again mediated by the spatial structure
of the economy. We develop a spatial general equilibrium model of a small open
agricultural economy, calibrated to Tanzanian data, to study the transmission of
global price shocks to the consumption patterns of heterogeneous households lo-
cated in different regions in the domestic economy. Our model simulations show
strong spatial heterogeneity in the effects of import price shocks. While urban
households’ consumption baskets are more exposed to global food price shocks,
remote rural households’ production and consumption are heavily dependent on
fuel and fertiliser imports. We use the calibrated model to compare potential miti-
gation policies and different financing arrangements.

Chapter 3 focuses on the prediction of household food insecurity. Using ma-
chine learning, I seek to predict household food insecurity using data from house-
hold surveys, combined with readily available additional data on weather, prices,
and geography. I train and test tree-based ensemble models for the prediction of
households’ food security status. The models achieve overall accuracy of 54-65%
at a true positive rate of 70%. The approach I develop provides a way to assess
household food security without the need for costly and time-consuming primary
data collection. In this paper, too, spatial frictions operate in subtle but important
ways. In an open economy with well-integrated markets, household food security
would essentially be determined by world prices and household income levels.
But that is not the case for Tanzania. Markets are poorly integrated. Households
and communities face various shocks that shift local (and individual) prices and
wages. In short, spatial frictions shape the patterns of food insecurity.

The three thesis chapters thus share a common set of issues. All three chap-
ters also focus on Tanzania, a country that is fairly typical of low-income coastal
economies in sub-Saharan Africa. The chapters use different methodologies and
draw on different tools. Taken together, they seek to contribute to an understand-
ing of development issues in low-income agricultural economies.
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Introduction

In many low-income countries, the share of employment in agriculture is higher

than agriculture’s share in GDP. This implies that labour productivity in agricul-

ture is lower than in other economic sectors, and new research suggests that agri-

cultural productivity in several sub-Saharan African countries has recently even

been declining (Wollburg et al., 2024). The agricultural productivity gap poses an

economic puzzle. Why do so many people work in such an unproductive sector?

And why do so many people continue to be food insecure in countries where such

a large share of the population produces food?

This thesis consists of three stand-alone essays that focus on the interaction be-

tween food as a central production and consumption good, and the importance

of domestic trade frictions in low-income countries. When food consumption is

close to subsistence levels, food plays a central role in shaping an economy’s over-

all production and consumption structure. Food has idiosyncractic properties that

distinguish it from other consumption goods. Importantly, food is subject to mini-

mum consumption requirements which cause demand to be highly inelastic. This

non-homotheticity has important implications for processes of structural transfor-

mation and economic growth. In addition, food production differs from the pro-

duction of other goods in important ways that warrant spatial analysis. Land, a

key input in agriculture, is spatially dispersed and immobile, and the distribution

of food is complicated by its bulkiness and perishability.

Domestic trade frictions, which are particularly high in low-income countries

(Atkin & Donaldson, 2015), are a key reason why food remains so central. High

domestic trade frictions make it economically optimal for households to locate in

places where food is produced. Previous research has shown that high domestic
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trade costs can hinder structural transformation by limiting the use of interme-

diate inputs in agricultural production and by driving up the cost of food distri-

bution (Gollin & Rogerson, 2014). Regions’ differential integration into domestic

and global markets matters for the way in which food is produced and consumed.

High transport costs imply that often there is not a single domestic market for

food. Transport costs create substantial spatial price gradients and limit the pen-

etration of imports to remote regions. The resulting spatial heterogeneity in food

consumption patterns imply spatially differentiated exposure to global and local

shocks. Domestic trade costs can thus have profound implications for processes of

structural change, for the pass-through of global price shocks on different regions

in the economy, and for the effects of local agricultural production shocks on food

security outcomes.

While all three chapters draw on data from the Tanzanian economy, the qualita-

tive findings in this thesis are relevant more broadly beyond the context of Tanza-

nia. Tanzania typifies the kind of economy that is central to my research questions

on the intersection of two features of low-income economies: the importance of

food as both a production and consumption good, and the salience of domestic

trade frictions in settings where markets are poorly integrated. Tanzania shares

several key features with many other low-income sub-Saharan African economies.

The economy is open to world trade at the border, but domestic trade frictions are

substantial. Its main city and trading hub is located on the coast, with an adja-

cent agricultural hinterland. Large spatial areas of the country are dedicated to

agriculture, with the non-agricultural economy spatially concentrated in cities. A

large fraction of the population works in agriculture, which has lower labour pro-

ductivity than other sectors in the economy. Although Tanzania registered robust

economic growth over the past two decades,3 poverty remains widespread and a

considerable part of the population continues to be food insecure (WFP, 2022).

In addition to the research questions’ relevance in the case of Tanzania, data

availability is significantly better than for many other developing countries. Other

sub-Saharan African countries that have a broadly similar spatial and economic

structure, such as Mozambique, Ghana, Ivory Coast, Senegal, Angola, Kenya

3World Bank national accounts data reports annual GDP growth rates of 4-8% in 2000-2021, except
in 2020 (2%).
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(though its major city is not coastal), or Nigeria (although bigger and more di-

verse), do not have the same quality and richness of data as Tanzania. Further, po-

litical institutions in Tanzania are relatively stable, so data are not greatly distorted

by effects of conflict. Detailed household survey data from the Living Standards

Measurement Study (LSMS) and macroeconomic data from the Social Accounting

Matrix (SAM) form the cornerstones of the empirical analysis in this thesis. In

addition, I draw on various other data sources, including domestic market price

data provided by the World Food Programme (WFP), data on global food prices,

agricultural production and land use from the Food and Agriculture Organization

(FAO), and UN Comtrade trade statistics.

Chapter 1 explores the role of domestic trade frictions for structural transfor-

mation in an economy that is open at the border. Previous work on the “food

problem” has shown that in a closed economy with low agricultural productivity

and high domestic trade frictions, minimum consumption requirements for food

create the need for a large share of the labour force to work in agriculture (Gollin

& Rogerson, 2014). Existing research does not, however, investigate whether the

same mechanism applies in an open economy that can import food to meet subsis-

tence needs. While macroeconomic models typically conceptualise trade openness

as a binary attribute, many economies are effectively imperfectly open, i.e. they

are open at the border but varying degrees of domestic trade frictions imply that

some regions are only loosely integrated with world markets. In this chapter of

the thesis, I develop a stylised spatial general equilibrium model of a small open

agricultural economy with spatial heterogeneity and high domestic trade frictions

to explore processes of structural change in imperfectly open economies.

In imperfectly open economies, subsistence needs may still exercise consider-

able influence over the sectoral allocation of resources, despite trade openness at

the border. I find that, depending on the parameterisation of the model, the food

problem can continue to bind in imperfectly open economies. I document three

key properties of the model. First, agricultural productivity directly affects the

spatial distribution of population, but the direction and magnitude of this effect

depend on the degree of external openness and internal trade frictions. Second,

domestic trade frictions exert significant influence over the spatial and sectoral
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composition of production and the economy’s pattern of trade with the rest of the

world. Third, an increase in domestic trade frictions causes divergence in food

consumption patterns across regions, limiting the penetration of imported goods

to remote rural areas. Higher transport costs lead overall food consumption to ap-

proach the subsistence level in all regions in the economy, and food consumption

baskets are skewed to favor locally produced food which are less affected by the

increase in transport costs.

Chapter 1 contributes to the existing literature on structural transformation

(Bustos et al., 2016; Fajgelbaum & Redding, 2022; Gollin & Rogerson, 2014; Gollin

et al., 2002; Matsuyama, 1992; McCaig & Pavcnik, 2013; Ngai & Pissarides, 2007)

by proposing a stylised framework to study structural change in an (imperfectly)

open economy. The analysis relates closely to a set of papers that study the food

problem in open economies (Nath, 2020; Tombe, 2015) and to two other papers that

focus on the link between trade openness and food security (Burgess & Donaldson,

2012; Janssens et al., 2020). More broadly, this chapter also relates to the growing

literature that studies the role of domestic trade frictions (Allen & Arkolakis, 2014;

Atkin & Donaldson, 2015; Donaldson, 2018; Sotelo, 2020).

The analysis in Chapter 1 suggests that, due to domestic trade frictions, changes

in world prices of imports and exports pass through imperfectly to the domestic

economy. The pass-through is mediated both by domestic trade frictions and by

the spatial specialisation of production, i.e. the fact that certain economic activi-

ties are concentrated in particular regions. The spatial structure directly affects the

pass-through of import prices to consumers in different locations, implying dif-

ferential welfare effects. In addition, the spatial structure also mediates the pass-

through of global prices to domestic firms that use imported intermediate inputs

in production or that export products to global markets.

Chapter 2 (co-authored with Christopher Adam and Douglas Gollin) inves-

tigates this spatially differentiated pass-through of world market price shocks.

We analyse the resulting heterogeneous welfare effects and distributional conse-

quences of potential fiscal mitigation policies and alternative financing arrange-

ments. The analysis in this chapter is motivated in particular by the increased

volatility in world market prices of food, fuel, and fertiliser in recent years, which
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was driven by the decompression of the post-pandemic global economy, and

sharply accelerated by Russia’s invasion of Ukraine in February 2022. The effects

of such shocks are often felt most strongly in low-income countries, due to their

dependence on imports, widespread poverty, and limited scope for offsetting fis-

cal policies. Consequently, global food, fuel, and fertiliser price shocks can have

far-reaching implications for welfare, particularly with respect to food security, in

low-income countries.

We develop a spatial multi-sector general equilibrium model of a small open

agricultural economy to study the short- to medium-term impact of global price

shocks and to consider alternative fiscal policy responses to these shocks. Pre-

vious work on the impact of price shocks focuses largely on aggregate country-

level analyses, assessing vulnerability to shocks based on national trade statistics,

average consumption baskets, and aggregate production data (Arndt et al., 2023;

Bekkers et al., 2017; Meyimdjui & Combes, 2021; Okou et al., 2022). Our modelling

approach contributes to this literature a framework that facilitates the analysis of

spatially heterogeneous effects.

For calibration, we follow Adam et al. (2018) in fitting the model to the econ-

omy of Tanzania based on the 2018 Social Accounting Matrix (SAM). As the SAM

in itself does not have a spatial dimension, we microfound modelling assumptions

around the spatial distribution of production and consumption using geo-coded

household survey data from the LSMS. We use the calibrated model to examine

heterogeneous pass-through of shocks from a positive perspective and to conduct

granular normative welfare analysis, across locations and household types. Specif-

ically, we compare the short-term distributional consequences of different fiscal

mitigation measures, such as import price subsidies and net household transfers

under different financing arrangements.

We find that an isolated price shock for food imports has the most adverse effect

on urban wage-earning households, who are net consumers of food and who rely

more heavily food imports. In the case of a simultaneous shock to food, fuel, and

fertiliser prices, remote agricultural households are equally negatively affected,

due to the transport-cost intensity of consumption and the reliance on imported

fertiliser in rural regions. Without a mitigating policy response, a simultaneous
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shock to import prices of food, fuel, and fertiliser of +20% decreases households’

aggregate real income in the domestic economy by 7.3%.

Comparative static analysis of counterfactual policies shows that import price

subsidies which fully offset the global price shocks can stabilise households’ real

incomes. When import price subsidies are financed domestically through a higher

tax on the capitalist’s income, average real income per capita falls by 0.3% for

labour-supplying households, compared to a decline of 8.6% without policy miti-

gation. In the case of aid-financed policy mitigation, we find that import price sub-

sidies exhibit an urban bias, with urban households benefiting disproportionately.

Rural households’ income, on the other hand, can be shielded more effectively

through direct per capita transfer payments.

Accurate targeting of any such policy interventions to protect vulnerable

households from the effects of adverse shocks – be they global price shocks or

domestic production shortfalls – requires correct identification of the households

most at risk. In Chapter 3 of this thesis, I explore whether machine learning

methods can be used to guide targeting of food policy. Food security is a multi-

dimensional phenomenon that is not directly observable. Many different indi-

cators for measuring food security exist, all of which require costly and time-

consuming primary data collection. In this chapter, I draw on existing detailed

household survey data from the LSMS and readily available secondary data to

train machine learning models for the prediction of household food insecurity.

Direct comparison of different experience-based, consumption-based, and

monetary indicators for the same set of households confirms previous findings in

the literature that these indicators are only weakly correlated and appear to capture

independent dimensions of food security. In the prediction section, I thus focus on

two different indicators, one experience-based (the reduced Coping Strategies In-

dex, or rCSI) and one consumption-based (the Food Consumption Score, or FCS),

which allow to classify household food security status based on pre-defined cate-

gorical bounds.

I use tree-based ensemble methods and readily available data on weather,

prices, geography, and household assets to predict households’ current food se-

curity status according to rCSI and FCS. In that, the approach is similar in spirit
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to other studies that use machine learning methods to bridge data gaps in low-

income countries for improved policy targeting (Aiken et al., 2022; Blumenstock et

al., 2015; Jean et al., 2016). This paper relates closely to recent studies that employ

machine learning models and secondary data to predict the prevalence of food in-

security at various geographical scales (Lentz et al., 2019; Martini et al., 2022; Zhou

et al., 2021).

Motivated by the findings in Chapter 1 and Chapter 2 that domestic trade

frictions can create spatial heterogeneity in food consumption patterns and pass-

through of global shocks, I include variables that capture households’ remoteness

in the predictor set for the machine learning models. These remoteness indica-

tors, such as distance to the nearest major road and distance to the nearest agricul-

tural market, reflect households’ market access, which can mediate how different

drivers affect food security outcomes. In addition, I include other predictors that

have a spatial dimension, such as rainfall in the household’s location and staple

food prices in the nearest market.

Comparing predictive performance with and without certain categories of pre-

dictors reveals their differential importance. Whereas household demographics

add relatively little predictive power, basic household assets (roof type and cell-

phone ownership, data on which can conceivable be accessed without household

surveys) contribute substantially to model performance. While the remoteness

indicators add relatively little predictive performance, I still include them in the

predictor set of the main models, due to their ease of accessibility (compared to

e.g. household demographics).

Under the assumption that policy makers care more about failing to identify

truly food insecure households than about misclassifying a secure household as

insecure, I prioritise avoiding errors of exclusion. To establish an upper bound

on exclusion errors when comparing predictive performance of different models,

I fix the recall rate to 70%, which implies that a model is able to detect 7 out of 10

food insecure households. At this level of recall, models predicting FCS achieve

higher overall out-of-sample accuracy than models predicting rCSI (65% vs. 54%).

The results suggest that inferring households’ food security status using machine

7



learning methods can provide a complementary approach for policy targeting that

does not rely on costly and time-consuming primary data collection.
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CHAPTER 1

The food problem and structural change in an
imperfectly open economy*

Abstract Most models of structural transformation are based on closed economy

frameworks in which the price mechanism leads the sectoral composition of pro-

duction to match domestic consumption. An obvious criticism is that in an open

economy framework, production will instead reflect the economy’s comparative

advantage with respect to the rest of the world. In particular, the “food problem”

of Gollin et al. (2007) would not bind in a low-income economy with poor agricul-

tural productivity; such an economy could simply import food. This paper shows

that in an open economy with internal spatial frictions, the food problem can con-

tinue to bind. Domestic spatial frictions matter crucially for the sectoral and spatial

allocation of economic activity, for the economy’s pattern of international trade,

and for spatial differences in food consumption.
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1.1 Introduction

In most low-income countries, a large share of the population remains engaged in

subsistence agriculture. The persistence of low-productivity subsistence agricul-

ture has several potential causes, but one widely invoked explanation is that, in

a closed economy, low agricultural productivity combines with a minimum con-

sumption requirement for food to imply that a high share of the economy’s labour

will be devoted to agriculture. This situation was described by Schultz (1953) as

the “food problem,” and it lies at the heart of more recent work on structural trans-

formation, such as Gollin et al. (2002) and Gollin et al. (2007). By contrast, in a per-

fectly open economy that is integrated into world markets, we would not expect

the food problem to bind in the same way: countries with low agricultural pro-

ductivity might import food to meet subsistence needs. Countries would produce

the goods in which they have a comparative advantage and would import those

that they produce (relatively) inefficiently. Since few low-income economies are

well-described as closed economies, this poses a puzzle. Why do so many people

work in agriculture – a sector that appears to be low in both absolute and relative

productivity?

In this paper, I show that the food problem can still bind in economies that are

fully open at the border but that display spatial heterogeneity and face domestic

spatial frictions. In these economies, some regions may be only loosely integrated

with world markets, and subsistence needs may exercise considerable influence

over the sectoral allocation of resources. This paper studies processes of structural

change in such imperfectly open economies. I develop a stylised spatial general

equilibrium model of a small open agricultural economy with spatial heterogene-

ity and high domestic trade frictions. Specifically, I analyse how domestic trade

frictions, agricultural and non-agricultural productivity, and the country’s terms

of trade interact to shape processes of structural transformation such as labour re-

allocation across sectors and rural-urban migration.

Because of domestic trade frictions, world prices of goods – both consump-

tion goods and intermediates – are passed through imperfectly into the domestic

economy. The pass-through is most obviously mediated by the spatial structure of

the economy, because of domestic trade costs. But it is also differentiated across
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sectors, because certain production activities tend to be concentrated in particu-

lar locations. For instance, the model locates the manufacturing sector in an urban

area that is closely linked to the world market, so manufacturing faces world prices

fairly directly. But agriculture takes place in both “near” and “far” rural locations,

with different outputs and different input demands. The patterns of agricultural

specialisation and production are thus shaped by characteristics of the domestic

market as well as by world prices.

This paper links to a large body of literature on structural transformation (Bus-

tos et al., 2016; Fajgelbaum & Redding, 2022; Gollin & Rogerson, 2014; Gollin et al.,

2002; Matsuyama, 1992; McCaig & Pavcnik, 2013; Ngai & Pissarides, 2007). Of

these, only Matsuyama (1992) directly addresses the case of fully open economies.

Matsuyama (1992) shows that the food problem fully disappears for an open econ-

omy and further argues that high agricultural productivity can in fact limit struc-

tural change in this case. Bustos et al. (2016) view local economies within Brazil as

open, in the sense that they are price takers for agricultural and non-agricultural

goods. But their framework does not allow mobility of labour between locations.

This paper is perhaps closest to a set of papers that study the food problem in open

economies (Nath, 2020; Tombe, 2015) and to two other papers that focus on the link

between trade openness and food security (Burgess & Donaldson, 2012; Janssens

et al., 2020).

More broadly, this paper relates to the growing literature that focuses on the

role of intra-national trade frictions (Allen & Arkolakis, 2014; Atkin & Donaldson,

2015; Donaldson, 2018; Sotelo, 2020). The analysis in this paper is closer, however,

to the simple but intuitive multi-sector multi-region general equilibrium model of

Gollin and Rogerson (2014). To adapt the framework to my research questions, I

extend that model in two important dimensions. First, I incorporate two additional

sectors, a non-food (cash crop) agricultural sector and an urban food processing

sector, which capture defining features of agricultural production and food con-

sumption in many low-income countries.2 Second, I open the economy to trade

2This non-food agricultural sector refers to the production of export cash crops that are not con-
sumed domestically. Export crops differ from staple food crops in the sense that they do not have
any nutritional value for domestic consumers.
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with the rest of the world. My model economy exports cash crops and imports

food, manufactured goods, and intermediate inputs such as fertiliser.

The model economy has a stylised linear geography which features three do-

mestic regions. Regions differ with respect to factor endowments (agricultural

land), remoteness (transport costs) and production activities (agricultural, non-

agricultural). The urban population lives in a city – which is imagined to occupy

a coastal location that makes it the hub for all international trade. The rural pop-

ulation is divided into two regions, one “near” and the other “far”. The near ru-

ral region and the far rural region specialise in agricultural production, while the

urban region specialises in manufacturing and food processing. The urban region

functions as the nexus between the economy’s rural areas and the rest of the world,

connecting the domestic economy to international markets. The economy is popu-

lated with a mass of identical individuals which is normalised to n. All individuals

supply one unit of labour inelastically. Since there is no commuting, individuals

work and consume in their region of residence. Goods traded across regions are

subject to iceberg transport costs. Agricultural land is split between the far rural

region and the near rural region, where it is used as an input in agricultural pro-

duction. Total land is fixed within each region, and it is supplied for agriculture

inelastically and with no fixed costs. There is no extensive margin and no cost of

land clearing.

Non-homothetic preferences in food consumption and trade frictions, both at

the border and domestically, are key features that allow application of the model

to a range of different scenarios, depending on the exact parameterisation. Before

focusing in more detail on a specific parameterisation, I document three key prop-

erties of the model, relating to the role of agricultural productivity for the spatial

distribution of population, the role of domestic transport costs for the sectoral al-

location of economic activity, and the role of domestic transport costs for patterns

of food consumption. First, agricultural productivity has a strong effect on the

spatial distribution of population, but the direction and magnitude of the effect

depend crucially on the degree of external openness and internal trade frictions.

Second, spatial frictions matter for the sectoral allocation of economic activity and

for the economy’s pattern of international trade. Changes in spatial frictions (such
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as those that might be delivered by investments in transportation infrastructure)

have the potential to alter both the domestic patterns of economic activity and the

economy’s patterns of trade. Third, domestic transport costs cause diverging food

consumption patterns across regions and limit the penetration of imported goods

to remote rural areas. Spatial frictions are a key determinant of food consumption

patterns, as transport costs introduce a wedge between producer and consumer

prices of food, and thus change the relative price of different food types in rural

and urban regions. Rising transport costs drive overall food consumption closer

to the subsistence level in all three regions in the economy, and they skew food

consumption baskets to favor locally produced food, leading to diverging con-

sumption patterns across regions.

After exploring the general properties of the model, I present a version of the

model which is calibrated to Tanzanian data.3 Tanzania is a small open economy

with sizable domestic trade frictions. The economy is characterised by a large agri-

cultural sector with relatively low productivity (Adam et al., 2018).4 Although

Tanzania registered robust economic growth over the past two decades, poverty

remains widespread and a considerable part of the population continues to be

food insecure (WFP, 2022).5 For these reasons, Tanzania provides a relevant con-

text in which to explore the research question. In addition, data availability for

Tanzania is significantly better than for many other developing countries. I cali-

brate the model to the economy of Tanzania by estimating parameters from micro

data, fitting parameters to aggregate data and targeting empirical moments such

as regional population distributions and crop-specific land use patterns to set the

remaining free parameters.

The calibrated model is then used to contrast comparative statics results

for different productivity improvements in the economy. I consider productiv-

3While I choose to calibrate the model to Tanzanian data, the research questions in this chapter
are relevant for a broad set of low-income countries that exhibit similarly high domestic trade
frictions, high agricultural employment shares, and low food imports. Empirical data from sub-
Saharan African countries shows that low food import dependence is associated with low GDP per
capita, high agricultural employment shares, and weak infrastructure (see Figure 1.6 in Appendix
1.A).

4The latest World Bank data, which is based on an ILO estimate, reports agricultural employment
in Tanzania as 65% of total employment in 2019.

5World Bank national accounts data reports annual GDP growth rates of 4-8% in 2000-2021, except
in 2020 (2%).
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ity improvements in the transport sector, the agricultural sectors, and the non-

agricultural sectors, and finally a combination of the three individual productivity

improvements. All of these potential productivity improvements would be ex-

pected to make the food problem less binding; they all lead to a higher urban pop-

ulation share, an expansion of the manufacturing sector, and a reduction in subsis-

tence agriculture. However, these counterfactuals show that different productivity

improvements have different effects on trade patterns, the spatial distribution of

economic activity, and food consumption patterns.

The remainder of this paper is structured as follows: Section 1.2 briefly sum-

marises related literature and highlights the contribution of this paper. Section 1.3

contains details of the modelling approach and Section 1.4 illustrates some of the

model’s key properties. Section 1.5 presents the calibration of the model to Tan-

zanian data, and Section 1.6 describes the baseline equilibrium at these calibration

values. Section 1.7 presents results from comparative statics, contrasting the ef-

fects of different productivity improvements. Section 1.8 concludes and defines

avenues for future research.

1.2 Related literature

This paper relates to three broad strands of literature. First, this paper links to

the large empirical and theoretical literature on structural transformation, both in

closed economies (Emerick, 2018; Gollin & Rogerson, 2014; Gollin et al., 2002; Mat-

suyama, 1992; Ngai & Pissarides, 2007) and in open economies (Bustos et al., 2016;

Fajgelbaum & Redding, 2022; McCaig & Pavcnik, 2013). In this structural transfor-

mation literature, different modelling approaches are used to generate structural

change in the economy. One is a technological approach, in which differential

sectoral Total Factor Productivity (TFP) growth drives shifts in the allocation of

economic activity (Ngai & Pissarides, 2007). The other is a utility-based approach,

in which non-homothetic preferences yield structural change (Gollin & Rogerson,

2014; Gollin et al., 2002; Matsuyama, 1992). In both approaches, domestic output

prices are fully endogenous, such that structural change is driven by changes in

domestic relative prices.

In a small open economy, however, domestic prices are (at least partially)

14



pinned down by exogenous world market prices, which can alter the effect of sec-

toral productivity improvements on the domestic economy. The utility-based ap-

proach to structural transformation suggests that in a closed economy in which

households have minimum food consumption requirements, an increase in agri-

cultural productivity induces growth as it releases labour from agriculture into the

manufacturing sector. In an open economy, on the other hand, an increase in agri-

cultural productivity may pull labour into agriculture, squeezing out the manufac-

turing sector. Similar to a ‘Dutch disease’ phenomenon, this can put the economy

on a lower growth path if we assume that learning-by-doing occurs only in the

manufacturing sector and that as such, only manufacturing promotes economic

growth in the long run (Matsuyama, 1992).

The second strand of literature subsumes research on the role of trade in decou-

pling food consumption from domestic agricultural production. In a closed econ-

omy with low agricultural productivity, a large share of the population engages

in subsistence agriculture to produce sufficient food to meet subsistence needs.

In an open economy, however, we would not necessarily expect the food prob-

lem to bind in the same way, as economies may import food from global markets.

However, this pattern is not observed empirically in trade data. Despite low pro-

ductivity in agriculture, developing countries tend to import only a small share of

domestic food consumption, while a large share of the population continues to en-

gage in subsistence agriculture. There exists a small number of studies on the po-

tential causes of this economic puzzle. Previous research points to the role of trade

frictions at the border, such as tariffs and delays, in explaining low import shares

for food (Tombe, 2015). This paper contributes to previous research in this area by

showing that domestic transport costs can generate the same result as trade fric-

tions at the border. The results suggest that, even as openness to trade is improved

at the border, domestic transport costs have the potential to lock the economy in at

a low level of food imports and a high employment share in agriculture.

This finding is particularly relevant against the backdrop of accelerating cli-

mate change. Nath (2020) shows that, if trade costs remain high, climate change

may exacerbate the food problem, such that developing countries with bind-

ing subsistence constraints intensify their specialisation in agriculture as increas-
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ing temperatures erode agricultural productivity. Model counterfactuals in Nath

(2020) suggest that reducing trade costs could reduce the negative impact of cli-

mate change in these countries, as this would allow labour to shift from agricul-

ture into non-agricultural sectors, where productivity is less vulnerable to climate

change. Other studies focus on short-term volatility rather than long-term struc-

tural shifts and find that lower trade costs can help to stabilise food security by

allowing for more diversified supply, thereby insuring against local production

short-falls (Baptista et al., 2023; Burgess & Donaldson, 2012; Janssens et al., 2020).

Lastly, this paper relates more broadly to the growing spatial economics liter-

ature on the role of domestic trade frictions, which are particularly high in low-

income countries (Allen & Arkolakis, 2014; Atkin & Donaldson, 2015; Donaldson,

2018; Farrokhi & Pellegrina, 2023; Sotelo, 2020). The models in this Quantitative

Spatial General Equilibrium (QSGE) literature often feature very granular spatial

differentiation and allow for spatial frictions to play an important role in deter-

mining patterns of production and trade. The granularity of the spatial structure

in these models makes it more difficult to detect broader patterns in the ways that

different types of regions relate to one another. In contrast to the QSGE litera-

ture, the model I develop in this paper has a simpler spatial structure that allows a

more comprehensible and intuitive characterisation of the ways in which different

regions interact. This stylised modelling approach provides a transparent illustra-

tion of the role of domestic trade frictions for persisting subsistence agriculture,

processes of structural transformation, and trade patterns.

1.3 Model

I set up a stylised general equilibrium model of a small open economy called Home.

Home’s geography features three regions which differ with respect to remoteness

(transport costs), production activities (agricultural, non-agricultural) and factor

endowments (agricultural land). Figure 1.1 shows a schematic overview of Home’s

geography. Following Gollin and Rogerson (2014), I assume a simple linear ge-

ography. The urban population of this economy lives in a city on the coast; the

rural population is divided into two regions, one ‘near’ and the other ‘far’. The

far rural region (region 2) and the near rural region (region 1) specialise in agricul-
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tural production, while the urban region (region 0) specialises in manufacturing

and food processing. The urban region functions as the nexus between Home’s ru-

ral areas and the rest of the world (region F), connecting the domestic economy to

international markets. Home is a price taker, trading with the rest of the world at

exogenous world market prices.

Figure 1.1: Schematic drawing of the model

Urban
Region 0

Rest of world
Region F

Near rural
Region 1

Far rural
Region 2 d0d1d2

Home is populated with a mass of identical individuals which is normalised to

n. All individuals supply one unit of labour inelastically. There is no commuting,

so individuals are assumed to work and consume in their region of residence. Mi-

gration from one region to another is costless and frictionless. By contrast, goods

traded across regions are subject to iceberg transport costs. Agricultural land (l) is

split between the far rural region (l2) and the near rural region (l1), where it is used

as an input into agricultural production. Total land is fixed within each region, and

it is supplied for agriculture inelastically and with no fixed costs. These assump-

tions remove, for tractability purposes, the possibility of expansion of agriculture

on the extensive margin (e.g., through costly land clearing).

1.3.1 Consumption

All individuals in Home have the same utility function, irrespective of the region

(r) in which they reside. Individuals derive utility from the consumption of food

(f ), for which there exists a subsistence requirement (c̄f ), and a manufactured good

(m). Utility is modeled using a two-tier nested structure, with households trading

off consumption of food and the manufactured good at the top level

u(Cr,f , Cr,m) = α log
(
Cr,f − c̄f

)
+ (1− α) log(Cr,m)

where α is a preference parameter, Cr,f denotes consumption of food (with c̄f

the subsistence level) and Cr,m denotes consumption of the manufactured good.
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On the lower tier, households choose consumption quantities of the staple food

crop (a) and processed food (p)

Cr,f =
[
λfC

ρf
r,a + (1− λf )C

ρf
r,p

] 1
ρf

where λf is a share parameter, ρf is a preference parameter, Cr,a denotes con-

sumption of the staple food crop and Cr,p denotes consumption of processed food.

1.3.2 Production

There are four sectors of production in the economy: export cash crop agriculture

(c), staple food crop agriculture (a), food processing (p), and manufacturing (m).

Both rural regions, near and far, produce the two agricultural goods: a cash crop,

which is a pure export good, and a staple food crop, which is only consumed do-

mestically. The urban region specialises in manufacturing and food processing.

The manufactured good is both consumed directly by households and used as an

intermediate input in the production of other goods.

Export crop

Both rural regions (near and far) have the same technology for agricultural pro-

duction of the export cash crop (c), using land, labour, and an intermediate input

Qr,c = Ar,c l
(1−γx−γn)
r,c xγxr,c n

γn
r,c

where A is a region- and sector-specific productivity parameter, l is land, x is

an intermediate input (e.g. fertiliser), n is labour, and γ denotes output elasticities.

The cash crop is a pure export good, with Home’s entire production being sold to

Foreign at the international market price pc. In the context of Tanzania’s agricultural

sector, examples of such export cash crops are coffee and cashew nuts.

Staple crop

Analogous to export crop production, both rural regions (near and far) use the

same technology for production of the staple food crop (a)
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Qr,a = Ar,a l
(1−θx−θn)
r,a xθxr,a n

θn
r,a

where A is a region- and sector-specific productivity parameter, l is land, x is

an intermediate input (e.g. fertiliser), n is labour, and θ denotes output elasticities.

The staple crop is both consumed directly by households and used as an input into

food processing. The staple food crop is neither exported nor imported, with the

domestic market clearing perfectly. This simplifying assumption is motivated by

the empirical observation that Tanzania is self-sufficient in the production of major

staple food crops such as maize or cassava and exports little or none of these crops

to other countries.

Processed food

The urban food processing sector turns the staple food crop into processed food

by combining staple crop, intermediate inputs and labour

Q0,p = A0,p a
(1−δx−δn)
0,p xδx0,p n

δn
0,p

where A is region- and sector-specific total factor productivity, a is the staple

crop which is being processed, x is an intermediate input (e.g. tin cans), n is labour,

and δ denotes output elasticities. In addition to being produced domestically, pro-

cessed food can also be imported from Foreign at the exogenous world market

price pp. The domestically produced variety is combined with the imported vari-

ety in the urban region to produce the composite processed food for consumption

in Home

Q̄p = Āp

[
λpQ

ρp
0,p + (1− λp)

(
(1− d0)QF,p

)ρp] 1
ρp

where Āp is a productivity parameter, Q0,p is the domestic production quantity,

QF,p is the imported quantity, d0 is the transport cost between the urban region

and the rest of the world, λ is the share parameter of the domestically produced

good, and ρ is the elasticity parameter. The domestic and the imported variety are

imperfect substitutes, with an elasticity of substitution of ϵ = 1
1−ρ . An example

of such a processed food item in the context of Tanzania is vegetable cooking oil,
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varieties of which can be produced domestically using e.g. domestically grown

sunflower seeds, or imported from other countries, mostly in the form of palm oil.

Manufactured good

In addition to processed food, the urban region also produces the manufactured

good, using labour as the sole factor of production

Q0,m = A0,m n
ωn
0,m

Analogous to the processed food sector, there is also an imported variety of the

manufactured good. This imported variety, which is an imperfect substitute for

the domestically produced manufactured good, can be purchased from Foreign at

price pm. The two varieties, domestic and imported, are combined into a composite

manufactured good (Q̄m) which can be consumed directly (Cr,m) or used as an

intermediate input in the production of other goods (xr,a, xr,c, x0,p):6

Q̄m = Ām

[
λmQ

ρm
0,m + (1− λm)

(
(1− d0) (QF,m +QF,x

)ρm] 1
ρm

Ām is a productivity parameter, Q0,m is the domestic production quantity, QF,m

and QF,x are the imported quantities, d0 is the transport cost between the urban

region and the rest of the world, λ is a share parameter, and ρ is the elasticity

parameter. The elasticity of substitution between the two inputs is ϵ = 1
1−ρ . Ex-

amples of such imperfect substitutes could be imported cement and domestically

produced bricks, or garments imported from China and garments from domestic

textiles production.

1.3.3 Trade and transport costs

Domestic trade

The movement of goods between different regions in the domestic economy is

subject to iceberg transport costs. The transport sector is efficient, in the sense

6The manufactured consumption good, m, and the intermediate production input, x, are assumed
to be perfect substitutes here. Their world market prices are assumed to be identical (pm = px).
QF,m and QF,x are still included as separate quantities in the model to simplify calibration at later
stages, when the model will be taken to data.
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that there are no rents or mark-ups, and transport costs represent technological

trade frictions. If one unit of a good is transported between the urban region and

the near rural region, only (1 − d1) units arrive at the destination. As goods can

only be traded along the paths of the trade network, transport costs accumulate

multiplicatively. That is, if one unit of a good is transported from the urban region

to the far rural region, only (1 − d1)(1 − d2) units of the good arrive in the far

rural region. I assume for simplicity that transport costs are the same across all

commodities and symmetric between regions (i.e., that the iceberg cost of shipping

goods from the near rural region to the far rural region are the same as the cost of

shipping goods from far to near).

International trade

Home is open to trade with the rest of the world. The entire domestic production

of the cash crop (c) is exported to global markets. Foreign varieties of the manu-

factured good (x,m) and the processed food (p) are imported; as described above,

these imported varieties are imperfect substitutes for domestic goods. Home is a

price-taker in international markets, selling the export cash crop and purchasing

the manufactured good and processed food at exogenous world market prices pc,

pm (px), and pp, respectively. International trade flows, like domestic trade flows,

are subject to a symmetric iceberg transport cost (d0), which reflects an exogenous

technological trade friction. As the economy is otherwise assumed to be perfectly

open to trade, there are no tariffs or duties on international trade. All traded goods

have to pass through the urban centre, which is the only region that has a direct

trade link with rest of the world. Note that for a certain parameterisation of this

model, the domestic economy could conceivably be in autarky, as there exist do-

mestically produced substitutes for all imported goods (p, m, x). In such an au-

tarky equilibrium, rural regions would produce only the staple food crop, but not

the export cash crop, since that would have no domestic market.

Direction of trade flows

Figure 1.2 shows the direction of feasible trade flows by sector. While any cross-

regional trade in processed food and the manufactured good flows “from right
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to left”, or centre-to-periphery, all traded volumes of the export cash crop flow the

opposite way, “from left to right”, or periphery-to-centre. Note that trade in the

staple crop, on the other hand, need not be unidirectional, as traded quantities can

originate in the far or the near rural region.

(a) Processed food (p) and manufactured good (m, x)

Urban
Region 0

Rest of world
Region F

Near rural
Region 1

Far rural
Region 2 d0d1d2

(b) Export crop (c)

Urban
Region 0

Rest of world
Region F

Near rural
Region 1

Far rural
Region 2 d0d1d2

(c) Staple crop (a)

Urban
Region 0

Rest of world
Region F

Near rural
Region 1

Far rural
Region 2 d0d1d2

Figure 1.2: Direction of feasible trade flows by sector

There could in principle be an equilibrium in which the far rural region spe-

cialises in the production of the export cash crop and receives staple crop from the

near region. In this case, traded volumes of the staple crop would be flowing both

“from right to left”, i.e. from near to far, and “from left to right”, i.e. from near to
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urban.7 This potential bidirectionality of staple crop trade flows, as opposed to the

unidirectionality of flows in all other sectors, proves important for the formulation

of market clearing conditions in Section 1.3.5 below.

1.3.4 Equilibrium

A good starting point for understanding the comparative statics of this model is

to consider the social planner’s problem, in which the utility of the individuals

in the economy is maximised subject to feasibility constraints. The social plan-

ner maximises aggregate utility in Home, putting equal weight on each individual.

Specifically, the social planner maximises the population-weighted sum of regional

utilities,
2∑
r=0

nr
n

[
α log

(
Cr,f − c̄f

)
+ (1− α) log(Cr,m)

]
(1.1)

Note that, since all individuals in Home have the same preferences and all indi-

viduals in a given region face the same prices, consumption allocations will be

identical for individuals residing in the same region. Equation (1.1) serves as the

objective function in the numerical optimisation.

The utility maximisation in Equation (1.1) is subject to feasibility conditions

with respect to market clearing, balanced trade, and factor utilisation. These linear

and non-linear constraints require perfect market clearing in all four sectors of

production, strictly balanced trade with Foreign, full employment in the economy

and full utilisation of agricultural land in both rural region.

1.3.5 Commodity market clearing

Market clearing conditions require that supply must exactly equal demand in all

four sectors. Depending on the sector, the supply side contains quantities from

domestic production and imports from Foreign, while the demand side contains

quantities that are consumed domestically, quantities used in domestic production

and exports to Foreign.

7Note that, as staple crop produced in far and staple crop produced in near are perfect substitutes,
there will never be bilateral trade in staple crop between the two rural regions. That is, we will
never simultaneously observe staple crop trade flows from near to far and from far to near.
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Cash crop In order for the export crop market to clear, total export crop produc-

tion from the far region (Q2,c) and the near region (Q1,c) has to be equal to the total

amount exported to Foreign, accounting for transport costs between regions.

(1− d1)Q1,c + (1− d1)(1− d2)Q2,c =
CF,c

(1− d0)
(C.1)

Staple crop Staple crop market clearing is slightly more complex than export

crop market clearing, due to the potential bi-directionality of trade flows discussed

in Section 1.3.3 above. The way in which transport costs enter the market clearing

condition depends crucially on the direction of trade flows observed in equilib-

rium.

If we assume that the far rural region is either self-sufficient or a net exporter

of the staple crop, i.e. if any traded volumes of the staple crop flow only from the

far region to the near region and the urban region, the market clearing condition

takes the following form

Q2,a +
Q1,a

(1− d2)
= n2C2,a +

n1C1,a

(1− d2)
+

(n0C0,a + a0,p)

(1− d1)(1− d2)
(C.2.a)

If on the other hand we assume that the far rural region is either self-sufficient

or a net importer (that is, any staple crop trade flows between regions originate

only from the near rural region, with some of its excess production flowing to

urban and some of it flowing to far), the market clearing condition must be:

Q2,a + (1− d2)Q1,a = n2C2,a + (1− d2)n1C1,a +
(1− d2)(n0C0,a + a0,p)

(1− d1)
(C.2.b)

There are in principle two approaches to deal with this complexity in staple

crop market clearing. The first approach is to formulate a clearing condition that

nests both regimes. The second approach is to solve the model twice, one time

adding a condition that ensures the far rural region is either self-sufficient or a net

exporter of the staple crop, and a second time adding a condition that ensures the

far rural region is either self-sufficient or a net importer of the staple crop. Note

that both times nest the corner case in which the far rural region produces just

enough staple crop to meet own consumption needs, i.e. the far rural region is

self-sufficient. In solving for the baseline equilibrium in Section 1.6, I implement

the second approach.

24



Processed food The processed food market clearing condition states that the to-

tal supply of processed food, which consists of both domestic production as well

as imports, must equal the sum of aggregate consumption volumes in all three

regions, accounting for transport costs along the way:

Q̄p = n0C0,p +
n1C1,p

(1− d1)
+

n2C2,p

(1− d1)(1− d2)
(C.3)

Manufactured good Similarly, market clearing for the manufactured good re-

quires that total supply, again containing both the domestically produced as well

as the imported variety, must be equal to the sum of aggregate consumption vol-

umes in all three regions, and the quantities used as inputs to production in the

different sectors, accounting for transport costs along the way

Q̄m = n0C0,m + x0,p +
n1C1,m + x1,a + x1,c

(1− d1)
+
n2C2,m + x2,a + x2,c
(1− d1)(1− d2)

(C.4)

1.3.6 Balanced trade

International trade Trade must be strictly balanced in value terms. Home does

not have a capital account, so the current account must also be balanced to achieve

balance of payments. Home exports the cash crop at price pc and imports processed

food at price pp, the manufactured consumption good at price pm, and the interme-

diate production input at price px. T represents net unilateral transfers such as

international aid and remittances. In the absence of international transfers (T = 0),

Home must run a zero trade balance to ensure this feasibility condition holds:

pmQF,m + pxQF,x + ppQF,p︸ ︷︷ ︸
imports

= pc [(1− d1)Q1,c + (1− d1)(1− d2)Q2,c]︸ ︷︷ ︸
exports

+ T︸︷︷︸
transfers

(C.5)

Domestic trade If the social planner’s problem is to be implemented as a compet-

itive equilibrium, then domestic trade must be strictly balanced in value terms, i.e.

the social planner cannot make transfers between regions.8 A region’s aggregate

8By contrast, if the social planner is unconstrained, or if the inhabitants of different regions are
viewed as members of one household, able to make transfers costlessly across regions, then a
different equilibrium might be attained. The presence of spatial frictions means that this is not a
setting where the first and second welfare theorems hold unconditionally.
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expenditure on the three consumption goods (staple food, processed food, and the

manufactured good) must be fully accounted for by the region’s income from pro-

duction. Prices are indexed by region (0, 1, 2) as the spatial frictions (d) lead to

spatially differentiated prices.

n0(p0,aC0,a + p0,pC0,p + p0,mC0,m)︸ ︷︷ ︸
expenditure in urban

= p0,pQ0,p + p0,mQ0,m︸ ︷︷ ︸
income in urban

(C.6)

n1(p1,aC1,a + p1,pC1,p + p1,mC1,m)︸ ︷︷ ︸
expenditure in near rural

= p1,cQ1,c + p1,aQ1,a︸ ︷︷ ︸
income in near rural

(C.7)

n2(p2,aC2,a + p2,pC2,p + p2,mC2,m)︸ ︷︷ ︸
expenditure in far rural

= pc,2Q2,c + p2,aQ2,a︸ ︷︷ ︸
income in far rural

(C.8)

1.3.7 Factor market clearing

Regional and sectoral factor endowments of land and labour must fully be utilised

in production, such that labour and land markets clear.

Labour There must be full employment in Home’s economy. Every individual

must work in some sector and reside in some region, such that the sum of labour

shares nr,j is equal to total population n

n2,a + n2,c + n1,a + n,c + n0,p + n0,m = n (C.9)

Land Agricultural land in both the far rural region (l2) and the near rural region

(l1) must be fully utilised. While the overall land endowment in each region is

fixed ex-ante, the sectoral shares are choice variables in the optimisation

l2,a + l2,c = l2 (C.10)

l1,a + l1,c = l1 (C.11)
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1.4 Characterising the model

This section illustrates the model’s key properties to elucidate how different model

features drive the qualitative predictions. By adjusting the parameterisation, the

model can flexibly accommodate different scenarios, such as an open economy

with low domestic transport costs or a closed economy with high domestic trans-

port costs. I solve the model at different parameterisations to highlight the im-

portance of, and interaction between, openness at the border and internal trade

frictions in the model economy.9 I present three key properties of the model be-

low, relating to (1) the role of agricultural productivity for the spatial distribution

of population, (2) the role of domestic transport costs for the sectoral allocation of

economic activity, and (3) the role of domestic transport costs for patterns of food

consumption.

Property 1 The relationship between agricultural productivity levels and the spatial dis-

tribution of population depends on the degree of external trade openness and internal spa-

tial frictions.

In the model, agricultural productivity has a strong effect on the spatial distri-

bution of population, but the direction and magnitude of the effect depend cru-

cially on the degree of external openness and internal trade frictions. In a closed

economy, an increase in agricultural productivity releases labour from subsistence

agriculture into manufacturing, which implies a shift in population from rural re-

gions to the urban region. This effect is well documented in the structural transfor-

mation literature, where most models depict a closed economy without domestic

spatial frictions. However, as noted by Matsuyama (1992), the positive effect of

rising agricultural productivity on urbanisation may be reversed if the economy

is open to trade with the rest of the world. In an open economy, an increase in

agricultural productivity provides an incentive to increase the production of agri-

cultural exports. Labour moves into the agricultural sector to produce export cash

crops, which implies a shift in population from the urban region to rural regions,

as agricultural land is spatially dispersed and not mobile.

9In this section of the paper, I solve the unconstrained social planner’s problem without enforc-
ing regional budget constraints (Equations C.6-C.8) to allow the model to accommodate a larger
parameter space.
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The structure of the model I develop here allows me to explore the interaction

between agricultural productivity and trade openness in a setting with domestic

transport frictions. High domestic transport frictions imply that the economy is

effectively only ‘partially’ open – even if it is perfectly open to trade at the border

– as domestic transport costs limit rural regions’ integration into world markets.

When domestic transport costs are sufficiently high, and the country’s key export

potential lies in agricultural goods which must be produced in rural regions, trade

openness at the border plays a much smaller role for the way in which agricultural

productivity affects urbanisation. High domestic transport costs limit the prof-

itability of agricultural exports and thus reduce the incentive to produce a cash

crop for export when the economy is open to trade. In this setting, agricultural

productivity continues to drive structural transformation much in the same way

as it does in an economy that is fully closed at the border, with an increase in agri-

cultural productivity releasing labour into urban manufacturing. The closed econ-

omy result here is in line with the findings in Gollin and Rogerson (2014). While

not explicitly modelling an open economy, Gollin and Rogerson (2014) presume

that at relatively low levels of income, high domestic transport costs would still

result in a large share of the population engaging in subsistence agriculture, even

if the economy had access to imported food. The open economy model results

presented here confirm this presumption.

Figure 1.3 plots regional population shares at different levels of agricultural

productivity. The four panels in the figure correspond to four different parame-

terisations of the model, which differ with respect to trade openness (open versus

closed at the border) and domestic trade frictions (low versus high domestic trans-

port costs). The stark differences in the y-intercepts across panels highlight the

importance of trade openness and domestic spatial frictions in determining spa-

tial population patterns at a given level of agricultural productivity. Due to the

non-homotheticity in food consumption, higher transport costs increase the share

of the population living in rural regions at any given level of agricultural produc-

tivity. Panels [1] and [2] illustrate the results established by Matsuyama (1992): In

a closed economy (panel [1]), an increase in agricultural productivity leads to a

higher share of the population working in manufacturing, while in an open econ-
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Figure 1.3: Agricultural productivity and the spatial distribution of population

Note: This figure shows the effect of agricultural productivity on regional population al-
locations at different levels of trade openness and domestic trade costs. [1] Closed econ-
omy and low domestic trade costs; [2] Open economy and low domestic trade costs; [3]
Closed economy and high domestic trade costs; [4] Open economy and high domestic
trade costs. Agricultural productivity is assumed to be the same across all sectors (staple
crop, cash crop) and regions (far rural, near rural). Other parameter values are held fixed
across simulations: A0p = 1, A0m = 2, θx = 0.1, θn = 0.3, θl = 0.6, γx = 0.33, γn = 0.33,
γl = 0.33, δx = 0.33, δn = 0.33, δa = 0.33, ωn = 1, λp = 0.5, ρp = 0.9, ϵp = 10, λm = 0.5,
ρm = 0.9, ϵm = 10, λf = 0.5, ρf = 0.4, ϵf = 1.66, α = 0.2, c̄f = 0.15, c̄m = 0, T = 0,
pm = px = 0.3, pp = 1, pc = 1, n = 1, l2 = .8, l1 = .2

omy (panel [2]), an increase in agricultural productivity leads to a higher share of

the population working in agriculture. When domestic transport costs are high,

openness at the border has a much weaker effect. Panels [3] and [4] show that,

when domestic transport costs are high, the impact of agricultural productivity on
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regional labour allocations is remarkably similar, irrespective of openness at the

border. In both cases, an increase in agricultural productivity leads to a rise in

the urban population, as labour is released from subsistence agriculture, and high

transport costs make producing the export cash crop in rural regions less attractive

than in panel [2], where transport costs are lower.

Property 2 Spatial frictions matter for the sectoral allocation of economic activity and for

the economy’s pattern of international trade.

Spatial frictions are an important determinant of the sectoral allocation of eco-

nomic activity and the economy’s pattern of international trade. Changes in spatial

frictions (such as those that might be delivered by investments in transportation

infrastructure) have the potential to alter both the domestic patterns of economic

activity and the economy’s patterns of trade. Overall, an increase in domestic

transport costs causes a spatial shift in economic activity from the urban region

to rural regions. At the sectoral level, economic activity shifts out of the export

cash crop sector and the manufacturing sector, and into the staple food crop sector

and the urban food processing sector. These effects are driven crucially by two

features of the model: the subsistence requirement in food consumption and the

fact that the exports in this economy are purely agricultural.

Higher transport costs reduce the farm-gate price of the export cash crop, be-

cause Home is a price taker in international markets. At lower farm-gate prices,

cash crop production declines, which results in a lower capacity to import pro-

cessed food and manufactured goods from the rest of the world due to the bal-

anced trade constraint. To satisfy subsistence needs for food consumption, pro-

duction of the staple food crop and domestic processed food increase to compen-

sate for lower food imports. The shift from cash crop into staple crop agriculture is

particularly pronounced in the near rural region which, at low levels of domestic

transport costs, specialises in the production of the export crop. The manufactured

good is not subject to any subsistence consumption requirements, such that an

increase in spatial frictions leads to a particularly pronounced decline in manufac-

turing production due to the decline in demand. As higher transport costs erode

real incomes, households prioritise the consumption of food over the consumption
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of the manufactured good. In sectors where the manufactured good is used as an

intermediate input, it is partially substituted with other factors of production (land

and labour).

Figure 1.4: Domestic transport costs and the sectoral allocation of economic
activity

Note: This figure shows domestic production and import quantities by sector at different
levels of domestic transport costs (d1, d2); [1] low domestic transport costs at the far left
of the x-axis are d1 = 0.05 and d2 = 0.1; [2] high domestic transport costs at the far right
of the x-axis are d1 = 0.25 and d2 = 0.45; the model is solved at 10pp increments between
these low and high values.

Property 3 Domestic transport costs cause diverging food consumption patterns across

regions and limit the penetration of imported goods to remote rural areas.

Spatial frictions are a key determinant of regional consumption patterns. This

reflects the differing relative prices of food and other goods across regions. The

effect is perhaps most pronounced with food. Transport costs introduce wedges

between consumer prices of food in different regions as well as between producer

prices, thus changing the relative price of different food types in rural and urban

regions. Rising transport costs drive overall food consumption closer to the subsis-

tence level in all three regions in the economy (see top panel in Figure 1.5). Food

consumption allocations favor locally produced items, leading to diverging con-

sumption patterns across regions (see lower panels in Figure 1.5). Two types of

effects drive these results. First, there are direct effects that operate through the

transport cost channel for non-local types of food. Rising transport costs increase

the cost of moving staple food from rural regions to the urban region and processed
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food from the urban region to rural regions, leading to higher consumer prices of

these goods in destination locations – and hence to reduced consumption. Sec-

ond, there are indirect effects which operate through the input cost channel. High

transport costs drive down the use of intermediates in agricultural production in

the rural regions and drive up the cost of staple crop used in food processing in

the urban region.

Figure 1.5: Food consumption patterns at different levels of transport costs

Note: This figure shows food consumption per capita in each of the three regions (far
rural, near rural, urban) at different levels of domestic transport costs (d1, d2); [1] low
domestic transport costs are d1 = 0.05 and d2 = 0.1; [2] high domestic transport costs are
d1 = 0.25 and d2 = 0.45; simulations are run at simultaneous 10% increments between the
low and high values. Composite food refers to the CES aggregate of the two types of food
in this economy (staple food, which is domestically produced in the two rural regions,
and processed food, which is produced domestically in urban and imported from RoW).

In the rural regions, the price of processed food rises due to costly transporta-
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tion from the urban region, while the price of the staple food declines as labour

shifts from cash crop to staple crop agriculture. Taken together, these opposing

price changes lead to a surge in the relative price of processed food, which prompts

households to heavily substitute for processed food with the locally produced sta-

ple food to meet subsistence needs. This effect is particularly strong in the far rural

region, which faces substantially higher transport costs than the near rural region.

In the urban region, the price of the staple food rises as transportation from

the rural regions becomes more costly. The increase in transport costs also has

an indirect effect on the price of locally produced processed food, since the staple

crop is a key input into the production of processed food. However, the price

of locally produced processed food still falls overall, as urban labour shifts from

manufacturing into food processing to increase production, more than offsetting

the higher input costs for the staple crop.

While the economy is open at the border and can import food, the distribution

of food imports to remote rural regions is subject to the same increase in transport

cost as the distribution of domestic food. In the urban region, the price of imported

processed food remains unchanged (since I assume here that changes in transport

cost are restricted to the domestic economy and so do not affect the transport costs

from world market to the urban region), but the economy’s capacity to import

food is limited by its production of the export cash crop, due to balance of trade

constraints.

1.5 Calibration

The model properties described in Section 1.4 above underscore the importance

of key parameter values for model predictions. In this section, I draw on various

data sources to calibrate the model to the economy of Tanzania. I parameterise the

model using a combination of methods which include (i) estimating parameters

from micro data, (ii) fitting parameters to aggregate data, and (iii) targeting empir-

ical moments to set the remaining free parameters. The resulting parameterisation

allows me to explore quantitative model predictions for a range of potential pro-

ductivity improvements in the comparative statics Section 1.7. A comprehensive
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overview of the model’s parameterisation at the baseline equilibrium can be found

in Table 1.11 in Appendix 1.B.5.

1.5.1 Agricultural production

Estimation of the agricultural production functions draws on the detailed agri-

culture questionnaires in the LSMS-ISA 2019 National Panel Survey (NPS-SDD),

which is the most recent LSMS data available for Tanzania. I estimate produc-

tion functions separately for staple food crops and export cash crops.10 Output

(in log value terms) is regressed on land (in log acres), labour (in log days) and

intermediate inputs (in log value terms). In line with the constant returns to scale

assumption, I normalise the estimated coefficients to sum to one and use these ad-

justed coefficients to parameterise agricultural production functions in the struc-

tural model. Table 1.1 presents raw and normalised coefficient estimates.11

Table 1.1: Agricultural production functions – Parameter estimates

Staple crop Cash crop

Raw Normalised Raw Normalised

Sum of coefficients 0.73 1.00 1.27 1.00
Land 0.35 θl = 0.48 0.58 γl = 0.46
Labor 0.19 θn = 0.26 0.26 γn = 0.20
Intermediates 0.19 θx = 0.26 0.43 γx = 0.34

Number of obs. 397 397 68 68

Notes: This table shows results of a regression of agricultural output (in log
value terms) on land (in log acres), labour (in log days) and intermediate in-
puts (in log value terms). Data comes from the NPS-SDD 2019-2020 dataset
collected by the Tanzanian National Bureau of Statistics. Production func-
tions are estimated separately for staple food crops (43% of observations are
Maize, 14% are beans, 9% are Paddy) and export cash crops (53% of observa-
tions are cashew nut, 45% are cotton, 2% are coffee). The regressions are run
at the cluster level, pooling across all crops within crop type (staple crops /
cash crops).

10See Appendix 1.B.1 for details on the distinction between staple food crops and export cash crops,
and Appendix 1.B.4 on details of data preparation and estimation.

11This of course constitutes a fairly naive approach to estimating agricultural production functions,
since inputs are endogenous. There are several papers (e.g. Gollin and Udry, 2021, Suri, 2011) that
tackle this endogeneity more fundamentally, but since I am only interested in the broad macroe-
conomic relationship between inputs and outputs, I keep the estimation more rudimentary.
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1.5.2 Food processing

The parameterisation of the production function for processed food is anchored

in the 2015 input-output (I-O) table of the Tanzanian economy.12. I take industries

C10 (Manufacture of food products) and C11 (Manufacture of beverages) in the I-O ta-

ble to correspond to the food processing sector in the model. On the inputs side,

I map industries A01-A03 to the staple food crop input and industries B05-C33

to intermediate inputs in the model.13 For an estimate of labour inputs used in

production, I sum Compensation to employees for the two food processing industries

(C10 and C11) in the I-O table. To estimate output elasticity parameters for the

processed food production in the model, I calculate normalised input cost shares

over the three input types. This calculation yields an output elasticity of 0.7 for the

staple food crop (δa), 0.1 for labour (δn), and 0.2 for intermediates (δx).

To parameterise the CES aggregator which combines domestically produced

processed food and imported processed food into the composite good for final

consumption, I focus on vegetable oils as an example of a widely consumed pro-

cessed food item with good trade data availability (FAOSTAT and IMF data for

2010-19). To approximate the elasticity of substitution between domestically pro-

duced vegetable oils and imported vegetable oils, I regress the change in the ratio

of imports to total domestic supply on the change in the exchange rate. This allows

me to assess how sensitive the relative consumption of imported vegetable oils is

to a change in the relative price. The calculation yields an elasticity of substitution

of 1.72, resulting in a value of ρp of 0.42. The remaining parameters in the CES

aggregator for processed food are set to Āp = 1 and λp = 0.5.

1.5.3 Manufacturing

For the manufacturing sector, I follow Gollin and Rogerson (2014) and set the

output elasticity of labour (ωn), the only input in production, equal to one. To

parameterise the CES aggregator that governs the substitution between domesti-

cally produced and imported manufactured goods, I use a similar approach as for

12Source: Tanzania - Input-Output Tables 2015, https://www.nbs.go.tz/index.php/en/
census-surveys/national-accounts-statistics/na-statistics-by-subject, accessed on 9th July 2022

13Other inputs (energy & construction, trade & transport, and services) are not included in the
estimation.
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processed food. I approximate the elasticity of substitution between domestically

produced and imported manufactured goods using production and trade data for

textiles as a representative category of manufactured goods. The value of domes-

tic production of textiles is approximated from World Bank data on value added in

manufacturing and the share of value added in manufacturing that accrues to tex-

tiles. The value of textile imports is calculated from UN Comtrade data, aggregat-

ing import values for products with 2-digit HS codes 61-63. Regressing the change

in the ratio of imports to total domestic supply on the change in the exchange rate

yields an estimate of the elasticity of substitution of 2.27, resulting in a value of ρm
of 0.56. Analogous to the food processing sector, the remaining parameters in the

CES aggregator are set to Ām = 1 and λm = 0.5.

1.5.4 Preferences

To parameterise the utility function, I estimate consumer preferences from budget

shares, drawing on the LSMS-ISA 2019 National Panel Survey micro data from

Tanzania. I map household location into the spatial model regions (urban, near

rural and far rural) and calculate median budget shares for each region (see Table

1.2).14 I use the urban overall food budget share as an estimate for the preference

parameter on food (α = 0.31); this presumes that the subsistence requirement on

food consumption is likely less of a binding constraint in the urban region, where

incomes tend to be higher.15 I estimate the elasticity of substitution between staple

foods and processed foods (ϵf ) and the CES share parameter λf from the spatial

differences in median prices and consumption quantities for staple and processed

foods, using the geo-referenced LSMS data. The subsistence level parameter (c̄f ) is

set using a method of moments approach.

14I use the GHSL Degrees of Urbanisation dataset to classify households as urban, near rural, or far
rural. See Appendix 1.B.3 for details.

15The classification of food items into staple foods and processed foods is shown in Table 1.9 in
Appendix 1.B.2. The classification broadly follows Regmi et al. (2005). The value of non-food
consumption (consumables and durables) is directly reported in the data. Food consumption
is reported in quantity terms, distinguished by source (purchases, gifts, and own production).
To approximate consumption in value terms, I use median prices (calculated from data on food
purchases) to infer the value of consumption from own production and gifts.
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Table 1.2: Consumption expenditure – Budget shares by category

Urban region Near rural region Far rural region

Staple food (%) 17.3 29.8 35.5
Processed food (%) 13.2 13.8 14.3
Manufactured good (%) 67.4 52.2 45.4

Notes: This table shows median budget shares for staple food, processed food, and non-food
consumption in the three regions as calculated from the National Panel Survey 2019-2020 data on
Tanzania. Where food consumption was reported in quantity terms, median prices of the respec-
tive items were used to infer the value of consumption. Food consumption is aggregated over all
different sources (own production, purchases, gifts). Classification of items into staple food and
processed food loosely follows Regmi et al. (2005); see Table 1.9 for a detailed overview of items
in the two categories. Non-food consumption includes both consumables and durables, the con-
sumption values of which were directly reported in the data. The overall number of households
in the sample for these calculations was N = 628 (urban = 190, near rural = 108, far rural = 330).

1.5.5 Agricultural land

I estimate the share of agricultural land by region from micro data, using the

GHSL’s Degrees of Urbanisation location classification and data on plot size from

the LSMS-ISA 2019 National Panel Survey micro data for Tanzania. I classify

households as living in either the urban, near rural, or far rural region and aggre-

gate the area of all plots under cultivation by households living within a respective

region to calculate total agricultural land. These calculations yield relative shares

of land in the far and near rural region of 81.9% and 18.1%, respectively. I take

these values from the LSMS sample as estimates of the overall distribution of land

between regions in Tanzania and set the corresponding parameters in the struc-

tural model to l2 = 0.82 and l1 = 0.18.

1.5.6 Transport costs, subsistence consumption, and prices

The remaining model parameters on international prices, domestic transport costs,

and the subsistence requirement for food consumption are not observed directly

or indirectly. Instead, I calibrate these using a method of moments approach. I

target moments on regional population shares, agricultural land use, and import

shares for processed food and manufactured goods, setting the values of remaining

parameters to minimise the sum of squared differences between (normalised) data

moments and model moments. Table 1.3 below shows the model fit with respect

to the targeted moments and reports the resulting parameter values for transport
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costs (d1, d2), subsistence consumption (c̄f ), and international prices (pp, pm, pc).

The price of the export cash crop (pc) is normalised to unity and serves as the

numéraire.

Table 1.3: Model fit at baseline

Moment Data Model Parameter Value
Population in urban region (n0) 0.280 0.249 d1 0.11
Population in near rural region (n1) 0.160 0.180 d2 0.23
Population in far rural region (n2) 0.560 0.572 c̄f 0.15
Land used for cash crop in near rural (l1c) 0.022 0.048 pp 12.0
Land used for cash crop in far rural (l2c) 0.088 0.053 pm 0.23
Import share for processed food 0.560 0.386 pc 1.00
Import share for manufactured good 0.480 0.744

Note: Population and land use data moments are calculated from LSMS data. Population shares
are a weighted average over LSMS waves 1-3 (2008-2012) and based on household size (approxi-
mated using adult equivalents) rather than the number of households, to account for the fact that
households tend to be larger in more rural regions. Land use moments are calculated from LSMS
waves 2-3 (2010-2012) as the share of land located in a given region multiplied by the share of land
used to grow cash crops in that region. Import shares are calculated as the value of imports over
the value of total domestic supply (domestic production - exports + imports). The import share
for processed food is approximated using FAOSTAT production and trade data on vegetable oils
(2010-2019). The import share for the manufactured good is approximated using Comtrade data on
textiles imports and World Bank data on value added in the domestic textiles industry (2014-2019).
Note that for reasons of data availability, data moments are not all calculated for the same year. The
international price of the cash crop, pc, is normalised to one.

1.6 Baseline equilibrium

Given the set of parameters described above, I solve the model numerically.16 Ag-

gregate utility (Equation 1.1) serves as the objective function, which is maximised

subject to the feasibility conditions. These feasibility conditions include commod-

ity market clearing, factor market clearing, balanced trade, and regional budget

constraints (for details see Equations C.1-C.11). The remainder of this section

presents results at the baseline equilibrium.

Table 1.4 presents labour and land allocations at baseline. The overall rural

population share is approximately 75%, implying an urban population share of

about 25%. The largest sector of employment in the economy is the staple crop

agricultural sector in the far rural region, with a labour share of about 54% of the

16I solve the model in MATLAB, using the optimisation toolbox’s function for constrained nonlinear
optimisation, fmincon.
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total population. This corresponds to 95% of the population in the far rural re-

gion engaging in staple crop agriculture. In the near rural region, where 18% of

the overall population live, the share of workers engaged in staple crop agricul-

ture is lower at, 77%. The near region, which is better connected to global markets

than the far rural region, uses a relatively larger share of labour to produce the

export cash crop. In the urban region, the majority of the workforce is employed

in the manufacturing sector, while a smaller share of workers is employed in food

processing. Land use patterns again reflect the near rural region’s relative special-

isation in cash crop production. In the near rural region, 26.7% of land is used to

produce the export cash crop while in the far rural region this share is substantially

lower at 6.4%.

Table 1.4: Labour and land allocation (% of total)

Far rural Near rural Urban
Labour All sectors 57.2 18.0 24.9

Staple crop agriculture 54.2 13.9 –
Cash crop agriculture 3.0 4.0 –
Food processing – – 3.2
Manufacturing – – 21.7

Land All sectors 82.0 18.0 –
Staple crop agriculture 76.7 13.2 –
Cash crop agriculture 5.3 4.8 –

Note: Allocations are reported as the share of economy-wide total supply of labour and land. Re-
gional population shares closely match the distribution of population observed in the data, as these
shares were targeted as moments in the calibration. The regional land allocation was set based on
microeconomic data, while the within-region sectoral splits were targeted moments in the calibra-
tion.

Table 1.5 shows consumption quantities per capita at the baseline equilibrium.

Because the transport costs between regions in the model induce spatial price gra-

dients, we would expect consumption of a good to be higher closer to its origin

and to decline as we move away from the region of production. In line with this,

consumption of the staple crop is highest in the far rural region, while consump-

tion of processed food and the manufactured good are highest in the urban region.

How quickly consumption of a good falls as we move away from the region of pro-

duction depends on the level of transport costs between regions and on the degree

of substitutability between different goods.
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Table 1.5: Consumption per capita

Far rural region Near rural region Urban region
Staple food 0.501 0.410 0.353
Processed food 0.020 0.032 0.039
Manufactured good 0.168 0.178 0.178

Note: Consumption is reported as consumption quantity per capita for each of the three repre-
sentative households (far rural, near rural, and urban) across the three consumption goods (staple
food, processed food, and the manufactured good).

The overall supply and demand structure of the economy at baseline is sum-

marised in Table 1.6. For each of the four commodities, the export cash crop, the

staple food crop, processed food, and manufactured goods, the table shows the

distribution across different sources on the supply side and different uses on the

demand side. The near region supplies 57% of the total domestic cash crop pro-

duction, while the far region supplies 43%. The cash crop is not consumed domes-

tically; 80% of production are exported, while iceberg transport frictions account

for 20% of production.

The far rural region produces 80.6% of total supply of the staple food crop,

with the remaining 19.4% produced in the near rural region. The majority of the

far rural staple crop production (48.7 pp) remains in the far region, where it is

consumed by households. The remaining supply of the staple crop is consumed

by households in the urban region (15.0 pp) and near rural region (12.5 pp), used as

an intermediate input in the urban food processing sector (13.1 pp), and accounted

for by transport frictions (10.7 pp). The relatively low transport losses in the staple

crop sector are due to the fact that consumption of the staple crop is more local

than consumption of other commodities.

Imports account for around 19% of the total domestic supply of processed food.

The much larger share, around 81%, are produced domestically in the urban re-

gion. Per capita consumption of processed food is highest in the urban region,

where it is cheapest, such that 29.4% of total supply are consumed by urban house-

holds. Households in the near rural region consume 17.8%, and households in the

far rural region 34.7% of total supply. For processed food, transport losses amount

to 18.1% of total supply.

The manufactured good is largely imported (88.7%), with only 11.3% coming
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Table 1.6: Supply and demand (% of total by commodity)

Cash crop Staple crop Processed
food

Manufact.
good

Supply [1]
Far rural 43.0 80.6 – –
Near rural 57.0 19.4 – –
Urban – – 80.9 11.3
RoW (imports) – – 19.1 88.7

Demand [2]
Final demand
Urban household – 15.0 29.4 6.4
Near rural household – 12.5 17.8 4.6
Far rural household – 48.7 34.7 13.9
RoW (exports) 80.2 – – –

Intermediate use
Food processing – 13.1 – 11.9
Staple crop – Near rural – – – 10.2
Cash crop – Near rural – – – 5.1
Staple crop – Far rural – – – 24.6
Cash crop – Far rural – – – 2.3

Transport
Melt 19.8 10.7 18.1 21.0

Note: [1] Supply is reported as percent of total supply quantity by commodity. Total supply in-
cludes domestic production and imports. [2] Demand is reported as percent of total demand quan-
tity by commodity. Total demand includes final consumption by households, exports, intermediate
input use, and transport losses. For each commodity, supply from different origins sums to 100%
and demand at different destinations also sums to 100%.

from domestic production in the urban region. The manufactured good is con-

sumed directly by all households and used as an intermediate input in production

across all other sectors in the economy. Only around 18% of total supply are con-

sumed or used in the urban region. The majority of the manufactured goods is

transported to the rural regions for use as an intermediate input into agricultural

production and, to a lesser extent, for final consumption by households. As a

result, the ‘melt’ share is highest for the manufactured good, because its consump-

tion is less local than that of other commodities.
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1.7 Counterfactual analysis

In this section, I consider four counterfactual experiments to explore the differen-

tial effects of alternative productivity improvements in the economy.17 The exper-

iments in this section are comparative statics, i.e. comparisons of general equilib-

rium outcomes at different model parameterisations. This does not take into ac-

count potential adjustment costs that could be associated with transitions between

these equilibria. I consider productivity improvements in the transport sector, the

agricultural sectors, and the non-agricultural sectors, and finally a combination of

the three individual productivity improvements. All of these potential productiv-

ity improvements would be expected to make the food problem less binding for

the economy.

1.7.1 Experiment design

[1] Increase in transport productivity (reduction in domestic trade costs)

A reduction in transport costs reduces spatial price gradients, which allows do-

mestic agriculture to shift from subsistence farming to more market-oriented pro-

duction. Lower transport costs imply higher farm-gate prices of the export cash

crop, thus increasing the economy’s scope for export earnings; they also lead to

lower consumer prices of processed food in the rural regions, thus allowing for a

larger share of subsistence needs to be met by food imports. In addition, a reduc-

tion in transport costs lowers the price of intermediate inputs used in agriculture

and processed food production, which decreases the cost of growing and process-

ing food.

[2] Increase in agricultural productivity across all sectors and regions

An increase in agricultural productivity directly affects the food problem by al-

lowing the economy to maintain a given level of food production at lower levels

17Note that this comparative analysis does not suggest that the different experiments would incur
similar costs if policies to achieve these productivity improvements were implemented. Rather
than a cost-benefit analysis or direct comparison of similarly costly policy counterfactuals, the
analysis in this section should be understood in the same way as the experiments conducted in
Gollin and Rogerson (2014), who state that their “motivation derives from the perspective (see,
e.g., Hall and Jones, 1999) that differences in productivity are the dominant source of differences
in living standards across countries, thereby making it of interest to compare the relative impor-
tance of different dimensions of productivity growth” (p. 45).
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of labour, land, and intermediate inputs, thus releasing some productive capacity

into other sectors in the economy. Higher agricultural productivity implies that

fewer people are required to grow food in the far rural region, where non-locally

produced consumption goods are expensive, due to transport costs. This increases

rural-to-urban migration. An improvement in agricultural productivity also in-

creases trade with the rest of the world, as more efficient production of the cash

crop implies higher export potential.

[3] Increase in non-agricultural productivity in urban areas

An increase in non-agricultural productivity affects the food problem through two

channels. The first is a direct channel that operates via the food processing sec-

tor. A productivity increase in the food processing sector allows for more efficient

production and reduces the price of processed food. This alleviates pressures on

staple crop agriculture, as some staple food consumption can be substituted with

processed food consumption. The second channel is more indirect and highlights

the importance of intermediate inputs in production. A productivity increase in

the manufacturing sector lowers the price of the domestic manufactured good.

This reduced cost of intermediates can have significant effects on agricultural pro-

duction of both the staple food crop (impacting the food problem directly through

higher food production) and the export cash crop (allowing for more food and

non-food imports due to higher export earnings).

[4] Combined increase in transport, agricultural & non-agricultural produc-

tivity

In the final experiment, I analyse the effects of combining the first three produc-

tivity improvements. Simulating simultaneous productivity improvements across

the transport, agricultural, and non-agricultural sectors in the economy reveals

potential interaction effects of these different changes in general equilibrium.

1.7.2 Results

Table 1.7 reports results for the four experiments described above, with effects re-

ported as relative changes over baseline values. Column [1] shows the effects of

a 10% reduction in domestic transport costs, which lowers the iceberg trade cost

parameters to d1 = 0.1 and d2 = 0.2. The reduction in transport costs decreases
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spatial gradients between farm- and factory-gate prices, consumer prices, and in-

put prices across the three regions. This implies a reduction in the cost of non-local

consumption goods and intermediate inputs. Labour shifts from the rural regions

to the urban region, leading to an increase in urban population by around 3%. Pro-

duction in the urban sectors expands roughly in line with the growth of the urban

workforce. The food processing sector grows by an additional percentage point

(4.2%) as lower transport costs reduce the urban price of staple crop, which is used

as an input in food processing. Staple crop production is flat overall, but some pro-

duction relocates from the far to the near rural region to supply staple crop to the

urban region. As the farm-gate price of the export cash crop increases in both rural

regions, production expands by 3% overall, with a significant shift in the location

of production from the near to the far rural region.

Table 1.7: Counterfactual productivity improvements (change over baseline in %)
Baseline

value
[1] Trade

costs
[2] Ag.

Prod.
[3] Non-ag

Prod.
[4] Comb.
d1, d2, Aa

d1, d2 Aa, Ac Ap, Am Ac, Ap, Am

Population
Urban region 0.249 3.1 % 7.5 % 8.9 % 8.9 %
Near rural region 0.180 -0.3 % 6.7 % 5.1 % 7.2 %
Far rural region 0.572 -1.3 % -5.4 % -5.5 % -6.1 %

Trade
Imports–Processed food 0.017 2.2 % -6.8 % 7.4 % 10.1 %
Imports–Manufact. good 1.700 3.7 % 4.6 % 15.8 % 25.8 %
Exports–Cash crop 0.047 3.2 % 0.6 % 12.9 % 20.4 %

Production
Food processing 0.072 4.2 % 4.9 % 15 % 27.5 %
Manufacturing 0.217 3.3 % 8.9 % 20.9 % 29.6 %
Staple crop–Overall 0.588 -0.1 % 7.6 % -0.3 % 7.2 %
Staple crop–Near rural 0.114 3.5 % 19.1 % 11.8 % 41.2 %
Staple crop–Far rural 0.474 -14.9 % 4.9 % -3.2 % -1 %
Cash crop–Overall 0.073 3.1 % 3.1 % 17.9 % 29.2 %
Cash crop–Near rural 0.042 -0.9 % -14.2 % -17 % -62.6 %
Cash crop–Far rural 0.031 26.9 % 26 % 64.1 % 150.8 %

Labour
Food processing 0.032 1.5 % -2.2 % 2.4 % 3 %
Manufacturing 0.217 3.3 % 8.9 % 9.9 % 17.8 %
Staple crop–Overall 0.681 -1.3 % -2.3 % -4.5 % -6.7 %
Staple crop–Near rural 0.139 3.8 % 13.7 % 11.7 % 35.8 %
Staple crop–Far rural 0.542 -2.7 % -6.4 % -8.7 % -9.1 %
Cash crop–Overall 0.070 2 % -4.6 % 12.4 % 8.6 %
Cash crop–Near rural 0.040 -14.4 % -17.6 % -17.7 % -64 %
Cash crop–Far rural 0.030 24.2 % 12.9 % 53.1 % 106.5 %

Land
Staple crop–Overall 0.899 -0.8 % 0 % -2.5 % -4 %
Staple crop–Near rural 0.132 4.9 % 7.9 % 7.5 % 24.3 %
Staple crop–Far rural 0.767 -1.7 % -1.3 % -4.2 % -8.9 %

–Continued on next page–
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Table 1.7 – Continued from previous page
Baseline

value
[1] Trade

costs
[2] Ag.

Prod.
[3] Non-ag

Prod.
[4] Comb.
d1, d2, Aa

d1, d2 Aa, Ac Ap, Am Ac, Ap, Am

Cash crop–Overall 0.101 6.9 % -0.4 % 22 % 35.6 %
Cash crop–Near rural 0.048 -13.5 % -21.8 % -20.8 % -67 %
Cash crop–Far rural 0.053 25.3 % 19 % 60.7 % 128.5 %

Intermediate inputs
Food processing (a0p) 0.077 5.3 % 8.1 % 3.2 % 18.6 %
Food processing (x0p) 0.082 2 % -2.4 % 10.8 % 13.4 %
Staple crop-Overall 0.241 1.9 % -5.2 % 9.4 % 5.7 %
Staple crop–Near rural 0.071 0.7 % 3.7 % 20.4 % 28.6 %
Staple crop–Far rural 0.170 2.5 % -9 % 4.8 % -3.8 %
Cash crop–Overall 0.051 -2 % -14 % 16 % -0.9 %
Cash crop–Near rural 0.035 -16.9 % -24.8 % -11.3 % -65.9 %
Cash crop–Far rural 0.016 30.7 % 9.8 % 75.7 % 141.1 %

Consumption per capita
Urban hh–Staple food 0.353 1.3 % 4.5 % -2 % 2.7 %
Urban hh–Processed food 0.039 -0.3 % -3.7 % 9.3 % 8.4 %
Urban hh–Manufact. good 0.178 13.8 % 29.9 % 31.9 % 78.2 %
Near hh–Staple food 0.410 1.8 % 8.8 % -0.2 % 11.3 %
Near hh–Processed food 0.032 3.7 % 0.3 % 11.3 % 21.7 %
Near hh–Manufact. good 0.178 13.8 % 29.9 % 31.9 % 78.2 %
Far hh–Staple food 0.501 0 % 9.7 % 0.5 % 10.5 %
Far hh–Processed food 0.020 10.1 % 1.1 % 12.1 % 30.6 %
Far hh–Manufact. good 0.168 18.5 % 33.5 % 32.5 % 88.3 %

Note: This table shows the effects of counterfactual productivity improvements on popula-
tion, production quantities, input use, and consumption per capita. Effects are reported as
percent changes over baseline. [1] 10% reduction in domestic transport costs (d1 = 0.9d1
and d2 = 0.9d2); [2] 10% increase in agricultural productivity in all sectors and regions
(A1a, A1c, A2a, A2c = 1.1); [3] 10% increase in non-agricultural productivity in food processing
and manufacturing (A0p, A0m = 1.1); [4] 10% reduction in domestic transport costs (d1 = 0.9d1
and d2 = 0.9d2) in combination with 10% increase in agricultural productivity in all sectors
and regions (A1a, A1c, A2a, A2c, A0p, A0m = 1.1).

Overall, agricultural labour moves out of production of the staple crop and

into the cash crop sector, but labour movements flow in opposite directions in the

two rural regions: In the near region, labour in staple crop production increases

and labour in cash crop production declines, while in the far region, labour in cash

crop production increases and labour in staple crop production declines. The same

pattern can be observed for agricultural land. In the near region, land is reallocated

from cash crop to staple crop production, while in the far region land is reallocated

from staple crop to cash crop production. Overall, the land area under staple crop

cultivation declines by 0.8% whereas the area under cash crop cultivation expands

by 6.9%. Intermediate input use increases in urban food processing, particularly

the amount of staple crop used in production, as prices fall with lower transport

costs. In staple crop agriculture, intermediate input use increases in both rural
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regions individually and overall. In cash crop agriculture, intermediate input use

increases strongly in the far rural region and declines significantly in the near rural

region. Taking into account the reallocation of agricultural land, these changes im-

ply more intensive use of intermediates in the far region (x2/l2) and less intensive

use of intermediates in the near region (x1/l1). Lower transport costs allow house-

holds to increase their consumption, especially of the manufactured good and the

non-locally produced type of food (processed food in rural regions and staple food

in the urban region).

Column [2] shows the effects of a 10% increase in agricultural TFP across both

rural regions and both crop sectors (A1a, A1c, A2a, A2c = 1.1). The primary effect

of this productivity improvement is a shift of labour from subsistence agriculture

into market-oriented agriculture and urban manufacturing. Population in the far

rural region declines by 5.4%, whereas the near rural and urban region grow by

6.7% and 7.5%, respectively. Below these top-line population effects, the increase

in agricultural productivity also causes a significant reallocation of labour across

sectors within a given region. In the near rural region, labour shifts out of cash crop

and into staple crop agriculture. In the far rural region, the increase in agricultural

productivity has the opposite effect such that labour is released from staple crop

agriculture and pulled into cash crop agriculture. The reallocation of agricultural

land mirrors the labour movements across the agricultural sectors, with staple crop

in far rural and cash crop in near rural declining, and staple crop in near rural and

cash crop in far rural expanding. In the urban region, manufacturing employ-

ment increases substantially while food processing employment contracts slightly.

Production in both urban sectors expands, which is driven by the labour inflow

(for manufacturing) and the increased use of intermediates (for food processing).

Imports of processed food decline as the agricultural productivity improvement

allows for a higher share of households’ food consumption to be met with do-

mestically produced staple and processed food. Exports of the cash crop rise and

imports of manufactured good increase to satisfy producers’ increased demand for

intermediate inputs and households’ increased demand for non-food products.

Column [3] shows the effects of a 10% increase in non-agricultural TFP in the

urban food processing and manufacturing sectors (A0p, A0m = 1.1). This produc-
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tivity improvement pulls labour into the urban region. The magnitude of the pop-

ulation outflow from the far rural region is identical to the outflow following the

agricultural productivity improvement in experiment [2]. However, a higher share

of the labour leaving the far rural region reallocates to the urban region, rather

than to agriculture in the near rural region. Urban production expands signifi-

cantly, particularly in the manufacturing sector which absorbs the majority of the

labour inflow. Total staple crop production is flat overall, with production shifting

from the far rural region to the near rural region and becoming more intensive in

intermediate inputs while employing less labour and using less land. Cash crop

production falls in the near rural region but expands significantly in the far rural

region, where the decreased cost for intermediate inputs and a significant realloca-

tion of land and labour facilitate higher production volumes. The overall increase

in export cash crop production allows for increased imports of processed food and

manufactured goods from the rest of the world. Households increase their con-

sumption of processed food and the manufactured good, the two sectors in which

productivity increased, whereas their consumption of the staple crop is largely flat.

Column [4] shows the effects of combining the previous three experiments, i.e.

a 10% reduction in transport costs and a 10% increase in agricultural and non-

agricultural TFP across all regions and sectors. By comparing the effects in this

joint experiment to the sum of the individual effects in the previous three exper-

iments, the combined experiment allows to explore potential knock-on and inter-

action effects of the different productivity improvements in general equilibrium.

Where the individual productivity improvements cause changes in the same

direction, experiment [4] shows whether the joint effect is larger (such that the dif-

ferent productivity improvements amplify each other) or smaller (such that they

crowd each other out) than the sum of the individual effects. For example, popu-

lation effects appear to largely crowd each other out. Though the reallocation of

labour from far rural to near rural is somewhat stronger than in any of the three

isolated experiments, the increase in the urban population in the joint experiment

has the same magnitude as in the case of an isolated increase in non-agricultural

productivity. By contrast, cash crop production in the far rural region constitutes

an example of amplification of effects. All three productivity improvements indi-
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vidually lead to a significant increase in cash crop production, but the joint effect

is nearly 50% stronger than the sum of individual effects.

Where the individual productivity improvements cause changes in opposite di-

rections, the overall net effect shows which force outweighs the other in the com-

bined experiment. For example, the transport cost reduction and non-agricultural

TFP improvement cause a decline in staple crop production in far, whereas the

agricultural TFP improvement leads to an expansion of this sector. In the joint ex-

periment, the three combined productivity improvements essentially offset each

other, leading to a small reduction in staple crop production in the far rural region.

However, this reduction is much weaker than the sum of the three individual ex-

periments would suggest.

1.8 Conclusion

In a closed economy, the sectoral composition of production matches domestic

consumption. At low levels of agricultural productivity and with minimum con-

sumption requirements for food, this requires a large share of the population to

work in agriculture, producing food. In an open economy, food imports can in

theory resolve this food problem. The qualitative model predictions in this paper

show that, in an economy that is imperfectly open, the food problem can continue

to bind. In an economy that is open at the border but which faces domestic trade

frictions – such that parts of the economy are effectively not integrated into world

markets – a large share of the labour force remains tied up in agriculture in rural

regions.

The exact parameterisation of the model influences the extent to which this re-

sult holds. The strength of domestic trade frictions, the level of agricultural and

non-agricultural productivity, and the economy’s terms of trade all affect the ex-

tent to which the food problem continues to exert pressure in an economy that is

open to trade. Openness at the border has a stronger effect on the economy if – ce-

teris paribus – domestic trade costs are lower, agricultural productivity is higher, or

the terms of trade are more favorable (higher export prices, lower import prices).

In addition, modelling assumptions around the subsistence requirement for food

consumption and the degree of substitutability between different types of food
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(staple and processed, domestic and imported) affect model predictions on struc-

tural change in imperfectly open economies.

I calibrate the model to Tanzanian data to to set a sensible parameterisation

for counterfactual analysis of different productivity improvements that have the

potential to alleviate the food problem. Comparative statics results show that

productivity improvements in the transport sector, agricultural sectors and non-

agricultural sectors can all make the food problem less binding but differ with re-

spect to their effect on trade patterns, the spatial distribution of economic activity,

and food consumption patterns.

Interesting future extensions of the analysis in this paper would be to allow

for different tradability of goods. For example, how would the qualitative model

results change if there was an urban export good – either in addition to or instead

of the agricultural export good? I presume that parameterisation would be key

in this case. Depending on world market prices and the degree of substitutability

between domestic and imported food, and under the assumption that urbanisation

is not limited e.g. by congestion externalities or migration frictions, the existence

of an urban export good could potentially resolve the food problem in an economy

that is open to trade.

Although it is not the focus of this paper, a model with these features would

also allow us to analyse the impact of various short-term shocks, ranging from

a world price shock to a local shock to agricultural productivity. In contrast to

many widely used models, in which world prices are transmitted evenly and

fully through the domestic market, this framework suggests a less complete pass-

through. A spike in the world price of food, for instance, would pass through

more or less fully to urban consumers in the model economy, but the effects would

be muted for the near and remote rural areas. By contrast, a production shock

in a remote rural area (e.g., from a drought or flood) would have a muted effect

on urban consumers, who have access to alternative sources of food through the

world market. In a sense, the model used here begins to provide a framework for

thinking about the exposure of a low-income African economy to different types

of shocks. The spatial and sectoral segmentation of the economy is a central fea-

ture of an economy like that of Tanzania. Models that reflect this segmentation can
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help in understanding the ways in which shocks are propagated and dampened

as they are transmitted across space and through the input-output structure of the

economy. In short, a model with these features serves as a useful tool for thinking

about long-run structural change but also about shorter-run phenomena. Those

shorter-run phenomena are the subject of the next chapter of my thesis.
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Appendix 1.A Empirical appendix

Figure 1.6: Correlates of food import dependence
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Note: This figure visualises bivariate correlations between food import dependence
and GDP per capita, agricultural employment share, and mean speed score for 48 sub-
Saharan African countries. Food import dependence is defined as the ratio of net import
quantities to food quantities for all commodities in the FAO Food Balance Tables (data
source: FAOSTAT, 2020). Quantities are weighted by the proportion of calories that each
commodity provides in the overall calorie supply of the country. Since net imports of
any given commodity can be negative or greater than unity, I impose a minimum value
of zero (if the country is a net exporter) and a maximum value of one (if the country im-
ports more than it consumes, either because of re-exports or processing). GDP per capita
is reported in currect USD and shown in logs (data source: World Bank, 2020). Agri-
cultural employment is measured as % of total employment (data source: World Bank,
2020). Mean speed score is a measure of road infrastructure quality, with higher scores
indicating better infrastructure (data source: Moszoro and Soto (2022)).
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Appendix 1.B Calibration appendix

1.B.1 Classification of crops

To classify crops into export cash crops and staple food crops, I use data on agri-

cultural production and trade from FAOSTAT to calculate the export share and

import share for each crop. The export share indicates the proportion of domestic

production that is exported to the rest of the world. The import share, on the other

hand, gives imports relative to domestic production. Crops that have a high export

share (> 50%) and a low import share (< 10%) are subsequently classified as export

cash crops. Exceptions to this methodology are seed cotton, sugar cane and sisal,

where raw production quantities cannot directly be linked to export and import

quantities, as these crops are not traded in raw form. Instead, they are processed

into e.g. cotton lint, refined sugar and fibre prior to being traded. I still classify

cotton, sugar cane and sisal as export cash crops in the context of Tanzania, based

on UN Comtrade statistics. The following ten crops are classified as export crops

in the Tanzanian data:

Table 1.8: Export (cash) crops in Tanzania, 2010-20

Item Area Production Exports Imports Exports % Imports %
1 Cashew nuts 575,581 182,137 174,114 1 96 0
2 Seed cotton 378,332 237,509 - - - -
3 Coffee, green 187,685 55,664 52,033 7 93 0
4 Tobacco 123,100 93,826 69,622 2,414 74 3
5 Chick peas 83,121 67,664 46,785 121 69 0
6 Sugar cane 50,615 3,063,594 - - - -
7 Sisal 50,254 34,308 - - - -
8 Tea 19,197 39,840 25,805 252 65 1
9 Cocoa, beans 14,708 10,455 9,667 1 92 0

10 Pepper 956 443 256 33 58 7

Note: All values in this table are calculated from FAOSTAT data. Crops are ranked by Area (area
harvested measured in hectares). Production, Exports and Imports are 2010-2020 mean quantities
in tonnes. Exports (Imports) % shows the mean export (import) quantity as a percentage of the
mean production quantity. All crops refer to unprocessed raw crops (for example, cashew nuts are
in shell and tobacco is unmanufactured). Export and import quantities for seed cotton, sugar cane
and sisal are missing because these crops are not traded in raw form. Instead, they are processed
into e.g. cotton lint, refined sugar and fibre prior to being traded.

53



1.B.2 Classification of food items

Table 1.9: Classification of food items – Staple foods & processed foods

Panel A: Staple foods

bananas (cooking), plantains groundnuts rice (paddy)
bananas (ripe) irish potatoes seeds
cashew, almonds, other nuts maize (flour) starches (other)
cassava (dry/flour) maize (grain) sugarcane
cassava (fresh) maize (green, cob) sweet potatoes
cereals (other) millet and sorghum (flour) vegetables (green)
coconuts millet and sorghum (grain) vegetables (other)
fruits (citrus) pulses wheat (flour)
fruits (other) rice (husked) yams, cocoyams

Panel B: Processed foods

beer fish and seafood (processed) milk (fresh)
birds and insects (wild) fish and seafood (fresh) milk products
bread fruits (canned) salt
brews (local) honey, syrups, jams soft drinks
buns, cakes, biscuits macaroni, spaghetti spices (other)
butter, margarine, ghee meat (beef) sugar
cereal products (other) meat (goat) sweets
coffee and cocoa meat (pork) tea (dry)
cooking oil meat (poultry) tea, coffee (prepared)
eggs meat products (other) vegetables (processed)
fish (packaged) milk (canned ), milk powder wine and spirits

Note: This table gives an overview of the classification of food items into either staple foods or
processed foods for the purpose of calculating budget shares to parameterise the utility function.
The classification is loosely based on Regmi et al., 2005. The overview is meant to be illustrative;
Item codes are omitted and some items are summarised into broader categories to condense the
information, for instance “fruits (other)”.
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1.B.3 Mapping locations to model regions

I use the Global Human Settlement Layer’s (GSHL) Degree of Urbanisation (DoU)

classification to map households’ geo-coordinates in the Living Standards Mea-

surement Study (LSMS) data to regions in the stylised model. The LSMS data

includes (modified) household coordinates, which can be mapped to one of the

GHSL’s seven DoU categories. I subsequently map these seven DoU categories

to one of the three model regions to connect the geo-coded data to the stylised

model.18

Table 1.10: Mapping Degrees of Urbanisation (DoU)
clusters to model regions

Model Region DoU Grid Cell
Urban region Urban Centre (30)

Dense Urban Cluster (23)
Semi-Dense Urban Cluster (22)
Suburban Or Peri-Urban (21)

Near rural region Rural Cluster (13)
Low Density Rural (12)

Far rural region Very Low Density Rural (11)
N/A Water (10)

Figure 1.7: Global Human Settlement Layer (GHSL) Degree of Urbanisation

18The mapping from household coordinates to DoU categories was conducted by Shraddha Mandi
for a forthcoming working paper (“Urban-Rural Definitions and Spatial Income Gaps,” by Dou-
glas Gollin, Martina Kirchberger, David Lagakos, and Shraddha Mandi). I am grateful to the
authors for sharing their data and code.

55



1.B.4 Estimation of agricultural production functions

Output. Output in value terms is calculated from output weight by crop and me-

dian crop prices in a given survey cluster. The use of median crop prices allows

attaching a value to yields even of crops that are not sold in the market and for

which value of output is not reported in the survey otherwise. To reflect the spatial

heterogeneity in prices, I calculate median crop prices at the cluster level. Where

median price at the cluster level is missing for given crop, so that the value of

output cannot be estimated reliably, production quantities are not included in the

subsequent estimation of production functions.

Land. Land use is calculated from GPS-measured plot size.19 Calculating the

amount of land used in production of a given crop requires a few key assumptions

and follows different procedures for annual crops on the one hand, and permanent

crops on the other hand. For annual crops, respondents report the share of a plot

that is planted with a given crop.20 Where the sum of these shares exceeds one,

I renormalise them to sum exactly to one. For permanent crops (including fruit

trees), the data only contains the number of plants per plot, but not the share of

the plot area planted with a given crop. To avoid having to invoke plant size and

spacing assumptions for the many different types of crops in the dataset, I proxy

land use for permanent crops by the total area of the plot on which a given crop is

planted.

Labour. To calculate labour used in production of a given crop, I combine the

data on household labour and hired labour for a given plot. Harmonization of the

data on household labour and hired labour requires some pre-processing of the

household labour data. I aggregate hours spent working on a plot across activities

and divide the number of hours by 10 to approximate the number of days. I then

aggregate household labour and hired labour at the plot level to yield total labour

used on a given plot. Where several different annual crops are planted on a plot, I

use the adjusted land shares to attribute labour to the different crops.

Intermediates. Intermediates comprise seeds, fertiliser, pesticides, and herbi-

cides. Seed use is reported at the crop-plot level while the use of chemicals (fer-

19Where GPS-measured plot size is missing, reported plot size is used.
20This measure is discretised into 25%, 50%, 75% or 100% of a plot being planted with a given crop.

56



tiliser, pesticides, herbicides) is reported only at the plot level. I aggregate the

value of the four different types of inputs at the crop-plot level.

Estimation. I estimate the production function separately for staple food crops

and export cash crops. Before estimation, I aggregate the data to the crop-cluster

level, summing values for a given crop across all households within a cluster. This

is to increase the number of observations, since many household do not use any

intermediates in production, which would mean they would have to be excluded

from the regression. Using the crop-cluster level data, I run the following log-log

regression for staple food crops, pooled over all crops that are classified as staple

foods

log(Qi,a) = cons+ γ̂l log(li,a) + γ̂n log(ni,a) + γ̂x log(xi,a) + ui,a

where li,a is land (in acres), ni,a is labour (in days), and xi,a is intermediate

inputs (in value terms). Regression results and corresponding parameter estimates

are reported in Table 1.1.
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1.B.5 Model parameterisation

Table 1.11: Overview of model parameters

Parameter Value Description
θx 0.26 Output elasticity of the intermediate input in staple crop production
θn 0.26 Output elasticity of labour in staple crop production
θl 0.48 Output elasticity of land in staple crop production
γx 0.34 Output elasticity of the intermediate input in cash crop production
γn 0.20 Output elasticity of labour in cash crop production
γl 0.46 Output elasticity of land in cash crop production
δx 0.20 Output elasticity of the intermediate input in processed food production
δn 0.10 Output elasticity of labour in processed food production
δa 0.70 Output elasticity of staple crop in processed food production
ωn 1.00 Output elasticity of labour in manufactured good production
A2,a 1.00 TFP in staple crop production in the far region
A2,c 1.00 TFP in cash crop production in the far region
A1,a 1.00 TFP in staple crop production in the near region
A1,c 1.00 TFP in cash crop production in the near region
A0,p 1.00 TFP in processed food production in the urban region
A0,m 1.00 TFP in manufactured food production in the urban region
Āp 1.00 Productivity parameter (processed food)
Ām 1.00 Productivity parameter (manufactured good)
λp 0.44 Share parameter (processed food)
λm 0.49 Share parameter (manufactured good)
ρp 0.42 Elasticity parameter (processed food)
ρm 0.56 Elasticity parameter (manufactured good)
λf 0.57 Share parameter (composite food)
ρf 0.26 Elasticity parameter (composite food)
c̄f 0.15 Subsistence level consumption of composite food
α 0.31 Preference parameter for food consumption
n 1.00 Total population (available labour) in the economy
l2 0.82 Land available for production in the far region
l1 0.18 Land available for production in the near region
d2 0.22 Transport cost between the far region and the near region
d1 0.11 Transport cost between the near region and the urban region
d0 0.20 Transport cost between the urban region and RoW
ratiotrade 0.10 Balancing ratio to account for unmodelled exports in external balance
px 0.23 International market price for the intermediate input
pm 0.23 International market price for the manufactured good
pp 12.00 International market price for processed food
pc 1.00 International market price for the cash crop
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CHAPTER 2

Global price shocks and welfare in a spatial model of
low-income countries*

with Christopher Adam and Douglas Gollin

Abstract We develop a spatial dynamic general equilibrium model of a small

open agricultural economy, calibrated to Tanzanian data, to study the transmis-

sion of global food, fuel and fertiliser price shocks to the consumption patterns

of heterogeneous households located in different regions. The model allows us to

consider fiscal policy measures, such as direct price subsidies and net household

transfers, which can be implemented to mitigate the shocks’ impact on house-

hold consumption, domestic production, internal trade and labour movements.

Our model simulations show strong spatial heterogeneity in the effects of import

price shocks. While urban households’ consumption baskets are more exposed to

global food price shocks, remote rural households’ production and consumption

are heavily dependent on fuel and fertiliser imports.

*We are grateful for support for this work from the IMF-FCDO Macroeconomic Program on Low-
Income Countries. We thank seminar participants at the IMF SPR Climate and Development sem-
inar for helpful comments. All remaining mistakes herein are ours.
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2.1 Introduction

Recent years have seen increased volatility in world prices for food, energy and

fertiliser. Driven by the decompression of the post-pandemic global economy, and

sharply accelerated by Russia’s invasion of Ukraine in February 2022, real energy

and fertiliser prices almost doubled while the composite tradable food price index

rose by around 30 percent between 2020 and 2022 (Figure 2.1). Low-income coun-

tries (LICs) tend to be particularly strongly affected by such shocks, due to their

dependence on imports, widespread poverty, and limited scope for offsetting fiscal

policies. As a consequence, food, fuel and fertiliser price shocks have potentially

large welfare implications for LICs, particularly with a view to food security.

When assessing vulnerabilities to import price shocks and considering the dis-

tributional consequences of fiscal policy responses, within-country spatial hetero-

geneity is an important dimension. In LICs in particular, weak infrastructure and

thin markets generate considerable domestic spatial frictions, with connectedness

to world markets varying significantly across regions.2 These spatial frictions re-

sult in strong spatial differences in the level and composition of production, con-

sumption, and trade which imply differential vulnerability to global price shocks.

Policy makers must therefore take into account the spatial heterogeneity both in

the impact of shocks and in the distributional consequences of policies aimed at

shielding vulnerable populations.

In this paper, we develop a calibrated spatial multi-sector general equilibrium

model to study the impact of global food, fuel and fertiliser price shocks on a small

open agricultural economy and to consider alternative fiscal policy responses to

these shocks. We follow Adam et al. (2018) in calibrating the model to the economy

of Tanzania. Our version draws on a newer (2018) version of the Social Accounting

Matrix (SAM) for Tanzania. We microfound modelling assumptions around the

spatial distribution of production and consumption using household survey data

from the World Bank’s Living Standards Measurement Study (LSMS).3 Given this

structure, we can examine the heterogeneous pass-through of global price shocks

2Domestic trade costs are particularly high in sub-Saharan Africa. For example, Atkin and Donald-
son (2015) estimate that the effect of log distance on trade costs within Ethiopia or Nigeria is four
to five times larger than in the US.

3We use data from waves 1-4 (2008-2014) and complement this with the extended panel from 2019.
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from a positive perspective. However, the model also lends itself to a granular

normative welfare analysis, across locations and household types. In this spirit, we

use the calibrated model to examine a set of alternative policy responses to shocks.

Specifically, we consider the short-term distributional consequences of different

fiscal mitigation measures, such as import price subsidies, net household transfers,

and tariff or tax adjustments.4

We find that, consistent with their higher net food consumption, urban wage-

earning households are more adversely affected than agricultural households by

global food price shocks. In the case of a simultaneous shock to food, fuel and

fertiliser prices, however, remote rural households are equally negatively affected,

because of the high transport-cost intensity of their consumption and because of

the effects on their ability to purchase imported fertiliser. In the absence of a miti-

gating policy response, a joint food, fuel and fertiliser price shock of +20% in global

markets reduces households’ aggregate real income in the domestic economy by

7.3%. The relative decline in real factor incomes is strongest for households in re-

mote rural regions and for the ‘capitalist’ household in the urban region, whose

income from transport rents declines as households’ consumption becomes more

local and domestic trade flows decrease.

In counterfactual policy experiments, we contrast an increase in import price

subsidies with an increase in direct net household transfers, financed either exter-

nally through grant aid or domestically through an increase in the capital-owning

household’s income tax. We find that increasing import price subsidies to fully

offset the price shock can shield households’ real incomes. In the case where the

additional expenditure on subsidies is financed domestically through a higher tax

on the capitalist’s income, average real income per capita of all other households

falls by only 0.3%, compared to 8.6% in the case of an unmitigated shock. However,

we find that aid-financed import price subsidies have an urban bias, as the policy

4The time horizon we consider extends beyond immediate short-term equilibrium impacts (where
adjustment occurs only on the intensive margin) to include more medium-term impacts such as
inter-sectoral labour movements and the implementation of fiscal policy. We still label this time
horizon ‘short-term’ to reflect that we limit medium- to long-term factor adjustment (i.e. capital
reallocation and migration), equivalent to a ‘Ricardo-Viner’ fixed-factor structure. Consequently,
we do not speak to questions around rural-urban migration or structural change (e.g. productivity
growth or fundamental changes on the supply side of the economy, such as the possibility to
promote domestic fertiliser production).
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disproportionately benefits the urban population. For rural households, real in-

come can be protected more effectively by distributing transfer payments directly

to households on a per capita basis.5

Previous work on the impact of price shocks focuses largely on aggregate

country-level analyses, assessing vulnerability to shocks based on national trade

statistics, average consumption baskets, and aggregate production data (Arndt et

al., 2023; Bekkers et al., 2017; Meyimdjui & Combes, 2021; Okou et al., 2022). In re-

cent empirical work, Okou et al. (2022) explore the determinants of domestic retail

staple food prices in sub-Saharan Africa, highlighting the importance of import

dependence for the extent of price pass-through.6 In an analysis of 19 different

countries, Arndt et al. (2023) use national economy-wide models to measure the

near-term impacts on poverty and food insecurity of the food and fertiliser price

shocks induced by the war in Ukraine. Such cross-country analyses are impor-

tant in rapidly assessing which countries are likely to face the largest challenges

as a result of global price shocks. At the same time, previous analyses of within-

country heterogeneity are typically limited to income differences between house-

holds. However, questions around within-country spatial heterogeneity, which are

largely missing from existing literature, are key for policy considerations in LICs.7

Our work also connects to the growing literature that focuses on the importance

5It should be noted, however, that these results are derived from comparative statics for a one-
off shock without adjustment costs. To construct more realistic policy scenarios, we are currently
working on a dynamic model to consider the case where price shocks are transitory, private agents
face adjustment costs, and the government’s fiscal measures include access to domestic debt fi-
nancing.

6Okou et al. (2022) estimate the drivers of prices for five staple crops (maize, rice, cassava, wheat
and palm oil) using a panel of monthly data across 68 market locations in 15 African countries for
the period 2012-2021. Amongst other results they find “...pass-through from global to local staple
prices is estimated to be a near one-to-one (0.97) in countries which import at least three quarters
of their consumption. . . ” (p. 23), although the estimate is significantly lower at the median (0.19).

7While some studies implicitly cover the spatial dimension by mentioning broad urban-rural differ-
ences, mostly in relation to differences in income, to the best of our knowledge, thorough analysis
of spatial heterogeneity with respect to the impact of shocks and the consequences of policies is
missing from existing literature. Notably, Arndt et al. (2008) analyse the effects of fuel and food
price shocks, and possible policy responses, by calibrating a CGE model to the Mozambican So-
cial Accounting Matrix. While maintaining the SAM’s rural-urban distinction for households,
their model does not, however, feature spatial heterogeneity in production or explicit spatial fric-
tions. Minot and Dewina (2015) highlight the importance of considering second-order effects of
food price shocks, but they do not conduct a spatial analysis of these shocks. Cudjoe et al. (2010)
conduct an empirical analysis of spatially differentiated price transmission in Ghana, but they do
not develop a theoretical framework that would allow to conduct policy experiments.
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of spatial frictions within countries, both with a particular focus on transport costs

(Atkin & Donaldson, 2015; Donaldson, 2018; Gollin & Rogerson, 2014; Sotelo, 2020)

and market integration more broadly (Allen, 2014; Burke et al., 2019; Moser et al.,

2009; Van Campenhout, 2007). To the best of our knowledge, there exists little

research that examines the role of market integration for shock transmission and

food insecurity.8

We contribute to the existing literature by presenting a quantitative assess-

ment of the impact of food and energy price shocks, both individually and jointly,

across locations and households. Our model allows us to identify key pass-

through mechanisms from external shocks to domestic production, consumption

and household incomes.9 Additional extensions, which are work in progress, shed

closer light on alternative fiscal mitigation measures and financing instruments,

contrasting targeted subsidies on food, fuel and fertiliser with cash transfers to

households, and comparing effects under external aid financing and domestic tax

financing. As such, our framework constitutes a novel modelling approach that in-

tegrates a multi-sector spatial structure with macroeconomic models widely used

in the policy arena, such as the workhorse DIG models in use at the International

Monetary Fund.

The modelling framework presented in this paper lets us distinguish between

shocks that superficially look the same but which can have quite different impacts

and therefore may require quite different policy measures to mitigate the effect of

the shock. Food price shocks that result from a global price shock, for instance,

may look similar to food price shocks that are caused by a domestic supply shock

(e.g. climate-related productivity shocks as in Baptista et al. (2023)). In addition,

the model we develop allows us to consider aggregate and distributional welfare

impacts of alternative fiscal and financing responses.

The remainder of this paper is organised as follows: Section 2.2 discusses po-

tential mechanisms through which global price shocks affect consumer welfare in

8Exceptions are Burgess and Donaldson (2012), Gao and Lei (2021), Janssens et al. (2020), and
Simola et al. (2022) though they focus primarily on the transmission of supply shocks in local
agricultural production rather than the spatial transmission of import price shocks.

9While our focus in this paper is on external price shocks, this framework can be used to examine
other sources of price and productivity volatility. Notably, recent related work by Baptista et
al. (2022) examines the spatially differentiated effects of climate-induced shocks to agricultural
productivity.
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LICs and provides an overview of possible policy instruments. Section 2.3 de-

scribes the empirical setting of this study, briefly summarizing Tanzania’s expo-

sure to global price shocks and spatial patterns in the domestic economy. Section

2.4 presents our modelling framework, with full details contained in Appendix 2.B.

Section 2.5 describes the calibration procedures and the baseline equilibrium. Sec-

tion 2.6 presents results of the different policy experiments in comparative statics.

Section 2.7 concludes.

2.2 Background

2.2.1 Global price shocks and their local effects in LICs

Global commodity price shocks are a recurring phenomenon that can impose se-

vere terms of trade effects on importing countries. Figure 2.1 plots price indices for

food, fuel, and fertilisers over time. The left panel shows price developments since

2006, including the three ‘global food price crises’ that have occurred this century;

that is, the price spikes in 2007, 2011, and 2022. The right panel zooms in on price

developments since 2019, showing the pronounced simultaneous increase in the

global prices of food, fuel and fertiliser observed in 2021 and 2022. This increase

was first driven by recovering aggregate demand as economies reopened after the

COVID-19 shock. In early 2022, price increases accelerated drastically due to the

effects of the war in Ukraine. The war triggered a strong negative global supply

shock, as both Ukraine and Russia were important exporters of agricultural prod-

ucts, energy commodities, and raw materials used in fertiliser production.

In principle, rising global prices for food, fuel, and fertilisers exert pressure

on the balance of payments of all net importers of these commodities. When

passed through to domestic markets, commodity price spikes can have consid-

erable welfare implications for consumers. However, the effects are typically felt

most strongly in LICs as many of them have limited domestic production of key

commodities and thus high import dependence, low capacity to implement offset-

ting macroeconomic policies, and a high degree of vulnerability due to widespread

poverty. As a result, simultaneous price shocks in food, fuel, and fertilisers can

pose a threat to food security in LICs through both direct and indirect channels.
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Figure 2.1: Global prices of food, energy and fertiliser
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Source: World Bank Commodity Price Data (retrieved February 17, 2023). All
series are scaled by US CPI deflator (FRED, all consumers). Series in right panel
are in logs with scale representing percentage change relative to January 2019.

First, an increase in the world market price of imported food has a direct effect

on households’ food expenditure share, all else equal. The magnitude of this price

effect depends on households’ import dependence, income level, and net food pro-

duction. Households whose food consumption basket contains a relatively high

share of imported foods – which is typically true for many urban households –

are affected more strongly. Unlike other consumption goods, food consumption is

highly inelastic due to binding subsistence requirements. Poorer households, for

whom food expenditure necessarily constitutes a large share of overall expendi-

ture, are hit hardest as there is limited room for offsetting demand adjustment. Net

food-producing households in rural regions may be positively affected by higher

global food prices if these (partially) pass through to markets for domestically pro-

duced food, and if the revenue increase from sales offsets the cost increase for

(processed) foods that these households purchase in the market for own consump-

tion.

Second, higher fuel prices drive up the cost of transporting and distributing
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food, both internationally and domestically.10 In many LICs, which typically face

high domestic trade frictions, transport costs constitute a significant share of fi-

nal consumption prices for imported foods in remote rural regions.11 In addition,

higher transport costs put negative pressure on export earnings of cash crop pro-

ducers in these rural regions, further lowering their ability to purchase food.

Third, fertiliser prices have a lagged effect on the price of food, as increased

input prices are passed through to final output prices after harvest. When farmers

have limited access to finance, such that they reduce fertiliser use in response to

higher price, fertiliser price shocks may result not only in lower access to food (due

to higher prices), but also in lower availability (due to weaker harvests).

2.2.2 Policy measures in response to price shocks

Governments can implement a range of policy measures to protect vulnerable pop-

ulations from the adverse effects of global commodity price shocks. We can dis-

tinguish between short-term ‘reactive’ measures aimed at mitigating the imminent

effects of realised shocks, and longer-term ‘precautionary’ measures aimed at re-

ducing vulnerability to future shocks. Such longer-term measures consist mostly

of structural reforms in agriculture, infrastructure and trade or financial sector re-

forms that strengthen e.g. insurance markets.12 The following overview, which is

informed by a recent IMF publication (Amaglobeli et al., 2022), is limited to more

short-term policy measures.

Targeted policies, i.e. measures aimed at directly supporting vulnerable house-

holds while letting prices largely pass through to the domestic economy, are typi-

cally the first best course of action. Targeted direct and indirect transfers, including

cash transfers, in-kind support, food vouchers, or utility bill cuts, constitute the

most efficient policy response. However, such direct assistance can be difficult to

implement if social safety nets are imperfectly targeted and institutional capacity

10Where agriculture is mechanised, higher fuel prices also influence the cost of food production.
Mechanisation in agriculture is typically lower in low-income countries, but this effect on food
production elsewhere can have considerable second-round effects on the price of imported food.

11In a study on the role of domestic trade costs in LICs, Atkin and Donaldson (2015) find that that
“the effect of log distance on trade costs within Ethiopia or Nigeria is four to five times larger
than in the US”.

12For a comprehensive discussion of such reforms in the context of climate change and chronic food
insecurity in sub-Saharan Africa see Baptista et al. (2022).
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is low. In addition, targeted policies that are limited only to certain groups are

politically less favorable than untargeted policies that benefit a larger share of the

population. Untargeted policies generally aim to limit the pass-through of global

price spikes to domestic markets. These policies include tax measures such as cuts

in income taxes or import tariffs, and spending measures such as price subsidies.

Untargeted policies constitute a second best approach, since limiting the price pass-

through distorts price signals and corresponding supply and demand adjustments

and reduces incentives for market responses from distributors and producers. In

addition, untargeted policies are expensive and may potentially crowd out other

productive public spending.

Figure 2.2: Policy measures announced in response to price spikes since 2022

Note: “No new measures” refers to countries that responded to the survey and have not
announced any measures. 1) includes cash transfers and semi-cash, such as vouchers
and utility bill discounts. 2) includes value-added and excise taxes. 3) includes changes
to income taxes and other revenue measures. Source: Amaglobeli et al. (2022). IMF
staff estimate based on an IMF survey of 134 countries (31 advanced economies and 103
emerging and developing economies) conducted in March 2022 on the measures taken
by governments since 2022 in response to rising food and commodity prices.

In response to the recent price spikes in 2022, many advanced economies as

well as emerging market and LICs put in place various fiscal and quasi-fiscal

measures to help insulate households and firms from the full effect of these price

shocks. Figure 2.2 provides an overview of the prevalence of different measures

in advanced economies and emerging and developing economies. The majority

of advanced economies announced a host of different measures, the most widely
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used being cash and semi-cash transfers, with half of the countries (48%) putting

these in place. A large share of advanced economies also introduced untargeted

tax and spending measures, with 42% of countries reducing consumption taxes,

and 35% providing price freezes and subsidies. At 56%, the share of countries

that announced no new measures in response to the recent price spikes was much

higher among the group of emerging and developing economies as they tend to

have less fiscal scope. While targeted measures would constitute the most effi-

cient use of these countries’ limited funds, cash and semi-cash transfers typically

require existing social safety nets as an effective means for distribution, which few

low-income countries have. Instead, emerging and developing countries mostly

resorted to cutting taxes, introducing price freezes and subsidies, and targeting

trade (through customs duties and trade restrictions).

2.3 Empirical setting

The empirical part of this paper is focused on the United Republic of Tanzania.

The setting in Tanzania is characterised by a large and relatively unproductive

agricultural sector, high domestic trade frictions and low market integration, and

strong spatial heterogeneity in production and consumption (Adam et al., 2018).

While Tanzania has a balanced net food production position overall (Baptista et

al., 2022, p. 4, Figure 2), import dependence for some (mostly processed foods) is

very high (see Figure 2.3). In addition, the country is almost entirely dependent

on imports for fuel and fertiliser. These features make Tanzania somewhat typical

of low-income sub-Saharan economies. Our choice of Tanzania reflects its ’typi-

cal’ characteristics – but also relates to the availability of data. Compared to other

countries in the region, Tanzania has high-quality household survey data, along

with a detailed social accounting matrix and input-output tables. These domes-

tic data sources are supplemented by data from international sources such as UN

Comtrade and FAOSTAT.

Import dependence and exposure to world markets. Tanzania is fully depen-

dent on imports of fuel (petroleum) and synthetic fertilisers. As such, fuel and

fertiliser are non-competitive imports and Tanzania is a price taker in international
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Figure 2.3: Food – Net import dependence and caloric contribution

Note: * indicates that the category includes products of this food, e.g.
‘Wheat*’ refers to ‘Wheat and products’. Net import dependence is calcu-
lated as 100*(imports-exports)/(production+imports-exports). Caloric contri-
bution refers to FAOSTAT’s ‘Food supply (kcal/capita/day)’ variable. Net im-
port dependence and caloric contribution are mean values for the years 2010-
2020. This figure only shows foods with a caloric contribution of at least 50
kcal/capita/day. Source: FAOSTAT Food Balance (Feb 20, 2023)

markets. For food, the situation in Tanzania is more complex: net import depen-

dence is high for some types of food (mostly processed foods), while for other

types of food Tanzania is self-sufficient or even a net exporter (mostly staple foods).

Spatial heterogeneity. There are strong spatial patterns in poverty, economic ac-

tivity and consumption. This spatial heterogeneity matters critically for house-

holds’ vulnerability to global price shocks. As Figure 2.4 shows, food consump-

tion patterns vary significantly across space. Households in rural regions consume

more domestically produced traditional staples like maize, cassava, and sweet

potatoes. Urban households consume higher quantities of processed foods, such

as cooking oil and sugar. These different consumption patterns imply a differential

exposure to global price shocks, as a higher consumption share of processed foods

in urban regions implies a higher dependence on imports.
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Figure 2.4: Consumption of staple and processed food items by region
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Note: This figure shows household consumption of selected staple food items (i.e. unprocessed and
minimally processed foods) and processed food items (i.e. industrially processed food items) at the
extensive and the intensive margin. The extensive margin is defined as the share of households
with non-zero consumption of a given food item in the 7 days before the time of data collection.
The intensive margin is defined as the quantity consumed per capita in kilograms (or litres) in the
7 days before the time of data collection. Per capita consumption is approximated as total house-
hold consumption adjusted for household size as measured in adult equivalents. Households are
categorised as urban, near rural or far rural based on their geo-referenced location and the GHSL
degrees of urbanisation. Source: LSMS, National Panel Survey (waves 1-4), food consumption
questionnaires.
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Policy response to recent shocks. In response to the recent global price spikes,

Tanzania has implemented different measures to insulate the domestic economy

from the effect of these shocks. These policy measures include “(i) providing tar-

geted and temporary subsidies for the import of petroleum products via the wav-

ing of excise duties, (ii) reducing import duties on cooking oil by lowering im-

portant duty rates for refined edible oil and crude cooking oil, (iii) introducing

fertiliser subsidies to support producers of agricultural products and fertilisers to

boost local production and substitute part of the imports, and (iv) waiving of VAT

for locally produced fertilisers and reduction of royalty charges on minerals used

in the energy and fertiliser industries” (Rother et al., 2022, p. 30).

2.4 Model structure

We develop a multi-sector, multi-household, spatial general equilibrium model of

a small open agricultural economy. The model defines four stylised locations: a

remote (‘far’) rural economy involved in staple and cash-crop agriculture; an ad-

jacent (‘near’) rural region, which trades with both the far rural region and the

principal urban centre; an urban centre, which trades with the near rural region

and with the rest of the world; and finally, the rest of the world, which consti-

tutes the fourth region (see Figure 2.5). Internal trade (and hence market structure)

is a function of transport linkages between these locations, which in turn, reflect

recurrent transport costs and the degree of monopoly power.

The model captures the principal pass-through channels from world food, fuel

and fertiliser price shocks to: (i) border prices for export cash crops and (ii) non-

traded staple food crops (via fertiliser and domestic transport costs); and (iii) to fi-

nal consumption of tradable processed food (through input costs). It is also able to

track pass-through effects to the non-food economy, both through transport costs

and, indirectly, through real exchange rate effects on the structure of domestic pro-

duction and consumption.

There are nine spatially-differentiated sectors of production. The two rural re-

gions produce a staple food crop and an export cash crop, along with a local non-

tradable services. In the urban region, there is a manufacturing, food processing,

and a local non-tradable services sector.
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Figure 2.5: Schematic overview of the model geography

The model features six representative household types which differ by loca-

tion and economic activities (Table 2.1). All households are hand-to-mouth, except

for the capitalist household in the urban region, which saves and invests in fixed

capital in the urban sector and in government bonds. All households except for

the capitalist household receive direct net transfers from the government. Income

is taxed at rates specific to household types. Households consume food, manu-

factures, and non-tradable services. There are subsistence requirements for food,

which create non-homotheticities in consumption.

The economy is open to trade with the rest of the world, subject to import tariffs

and export duties. The economy imports foreign varieties of both processed food

and manufactures. In addition, it sources fertiliser and fuel, two non-competitive

imports, from the rest of the world. The cash crop production from the two ru-

ral regions is exported in full, selling at the exogenous global price of the crop.

All inter-regional domestic trade is subject to transport costs, which reflect fuel

requirements and monopoly rents.

On the fiscal side, the model incorporates a range of tariff, tax and subsidy in-

struments, recurrent and government spending (all of which may be differentiated

across sectors) and domestic and external sovereign borrowing, both concessional

and non-concessional, allowing us to explore a range of public policy responses to

price shocks under alternative financing arrangements. Given this structure, and

in addition to examining heterogeneous pass-through from a positive perspective,

the model lends itself to a granular normative welfare analysis, across locations

and household types, of both price shocks themselves and of alternative policy

responses.
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2.4.1 Production

Agriculture

Agricultural production in the rural regions (far and near) is modeled using a

nested CES production function, with labour (L) and fertiliser (Z) on the lower

tier, and the resulting composite combined with land (A) on the upper tier13

Qi = ai

[
λ

1
γi
i A

γi−1

γi
i + (1− λi)

1
γi

(
δ

1
θi
i L

θi−1

θi
i + (1− δi)

1
θi Z

θi−1

θi
i

) θi(γi−1)

(θi−1)γi

] γi
γi−1

(2.1)

where i = {Sf, Sn, Cf, Cn} denotes the type of crop (staple, cash) and produc-

tion location (far, near). The parameters γi and θi are the usual elasticities; λi and

δi are share parameters in the upper and lower level CES functions, and ai is a

crop- and region-specific productivity parameter. We assume that land allocations

are fixed in the short run. The representative farmer in location l thus maximises

profits by choosing quantities of labour and fertiliser:

max
Li,Zi

pliQi − biAi − wl Li − plZ Zi,

where i = {Sf, Sn, Cf, Cn} denotes the type of crop (staple, cash) and l =

{f, n} denotes the production location (far, near). The rental cost of land is denoted

by bi, while wi is the wage paid to labour, and plZ is the price of fertiliser in location

l.

Manufacturing

Production in the manufacturing sector in the urban region (Mu) uses labour (L)

and capital (K) to produce output:

QMu = aMu L
αMu
Mu K

(1−αMu)
Mu , (2.2)

where αMu is the output elasticity of labour and aMu is a sector-specific pro-

ductivity parameter. The representative firm maximises profits by choosing the

quantities of labour (L) and capital (K):

max
LMu,KMu

puMuQMu − wu LMu − ruKMu,

13We use this production structure to allow for limited (zero in the limit) substitutability of labour
for fertiliser.
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where wu is the wage paid to labour in the urban region and ru is the rental rate

of capital in the urban region.

Food processing

Production in the food processing sector in the urban region (Pu) is modeled us-

ing a Leontief specification with composite staple crop (S̄) and composite manu-

factures (M̄ ) as intermediate inputs, and labour (L) and capital (K) as factors of

production.

In turn, the composite staple food crop used in food processing (S̄P ) is a CES

aggregate of the staple crop produced in the far rural region (Sf ) and the staple

crop produced in the near rural region (Sn):

S̄P =
[
ι
1/ρS
S Sf

(ρS−1)/ρS
P + (1− ιS)

1/ρS Sn
(ρS−1)/ρS
P

]ρS/(ρS−1)

(2.3)

Similarly, the composite manufactured good used in food processing (M̄P ) is a

CES aggregate of manufactures produced domestically in the urban region (Mu)

and manufactures imported from the rest of the world (Mw):

M̄P =
[
ι
1/ρM
M Mu

(ρM−1)/ρM
P + (1− ιM)1/ρM Mw

(ρM−1)/ρM
P

]ρM/(ρM−1)

(2.4)

Total intermediate input use in the urban food processing sector (Pu) is thus:

INP = ϕS̄P QPu + ϕM̄P QPu, (2.5)

with ϕS̄P and ϕM̄P denoting the input requirement of (composite) staple crop

and (composite) manufactures per unit of output of processed food (Pu).14

Gross output of the food processing sector (QPu) is produced by combining

factors (value added) and intermediates. The value of output is given by:

puPuQPu = pvaPu vaPu +
(
puS̄ ϕS̄P + puM̄ ϕM̄P

)
QPu, (2.6)

where puPu is the factory-gate output price for processed food in the urban re-

gion and pu
S̄

and pu
M̄

are the market prices for composite staple crop and composite

manufactures in the urban region. Real value added is defined as:

vaPu = aPuK
αPu
Pu L

(1−αPu)
Pu (2.7)

14The input-output coefficients, ϕiP , are calibrated directly as ϕiP = no
iP /Q

o
P , where the o super-

script denotes initialisation values.
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,

where αPu is the output elasticity of capital and aPu is a sector-specific produc-

tivity parameter. Note that the value-added price is defined implicitly from(
puPu − puS̄ ϕS̄P − puM̄ ϕM̄P

)
QPu = pvaPu vaPu (2.8)

where pu
S̄

(pu
M̄

) is the tariff, tax and transport cost inclusive price of composite

staple crop (manufactures) in the urban region. The representative firm maximises

profits by choosing the quantities of labour (L) and capital (K)

max
LPu,KPu

puPuQPu − wu LPu − ruKPu −
(
puS̄ ϕS̄P + puM̄ ϕM̄P

)
QPu

Non-tradable services

In each of the three regions there exists a sector that produces local non-tradable

services (N ). The production of these non-tradable services is linear in labour, the

single factor of production

QNl = aNl LNl (2.9)

where l = {f, n, u} denotes the region (far rural, near rural and urban) and aNl

is a sector- and region-specific productivity parameter. The representative firm in

region l maximises profits by choosing the quantity of labour (L)

max
LNl

plNlQNl − wl LNl

2.4.2 Household consumption

There are six representative households in the economy, two in each of the three re-

gions: an agricultural and a non-agricultural household in the far rural region, an

agricultural and a non-agricultural household in the near rural region, and a wage-

earning and a capitalist household in the urban region. Table 2.1 gives an overview

of households’ factor endowments and corresponding factor income. All house-

holds except for the capitalist supply labour. Agricultural land in a given region is

owned by the local agricultural household. The capitalist household earns income

from returns on capital and from transport rents.

All households consume food, a local non-tradable, and the manufac-

tured good. Household consumption, chlt is defined over seven commodities
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Table 2.1: Household types

Location Type Factor Sector Factor income
Far (f) Agricultural (A) Labour, land Staple crop wSf wage

bSf land rents
Cash crop wCf wage

bCf land rents
Non-agricultural (N) Labour Non-tradables wNf wage

Near (n) Agricultural (A) Labour, land Staple crop wSn wage
bSn land rents

Cash crop wCn wage
bCn land rents

Non-agricultural (N) Labour Non-tradables wNn wage
Urban (u) Wage-earning (W) Labour Food processing wu wage

Manufacturing wu wage
Non-tradables wu wage

Capitalist (C) Capital Food processing ru capital rents
Manufacturing ru capital rents
All sectors ψj transport rents

{Sf, Sn, Pu, Pw,Mu,Mw,Nl}. All household types h = {Af,Nf,An,Nn,W,C}
across the three regions l = {f, n, u} in the economy have the same preferences

across goods. Consumption is modeled as a three-tier nested CES structure to cap-

ture all key margins of substitution, both between different goods and between dif-

ferent varieties of the same good (see Figure 2.6 for a schematic overview). The top

level of the CES consumption structure combines composite food (cF̄ ), composite

manufactures (cM̄ ), and region-specific non-tradable services (cNl) into aggregate

household consumption, ch

ch =
[
η
1/ϵ

F̄
chF̄

(ϵ−1)/ϵ + η
1/ϵ

M̄
chM̄

(ϵ−1)/ϵ + (1− ηF̄ − ηM̄)1/ϵ chNl
(ϵ−1)/ϵ

]ϵ/(ϵ−1)

(2.10)

where ϵ is the elasticity parameter and ηF̄ and ηM̄ are share parameters. On the

middle tier, composite food (cF̄ ) consumption is constructed as a combination of

the consumption of composite staple food (cS̄) and composite processed food (cP̄ ),

to capture the way in which households substitute between these different food

categories.

chF̄ =
[
η
1/ξ

S̄
(chS̄ − c̄S̄)

(ξ−1)/ξ + (1− ηS̄)
1/ξ (chP̄ − c̄P̄ )

(ξ−1)/ξ
]ξ/(ξ−1)

(2.11)

where ξ is the elasticity parameter, ηS̄ is the share parameter, and c̄S̄ and c̄P̄ are

subsistence parameters that generate non-homotheticities in consumption. Below

76



that, we add another layer to reflect the substitution between staple food produced

in far rural or near rural on the one hand, and imported and domestically pro-

cessed food on the other hand. On this bottom tier of the nested CES structure,

composite staple food (cS̄) is a combination of staple crop produced in the far rural

region (cSf ) and staple crop produced in the near rural region (cSn)

chS̄ =
[
ν
1/ζS
S chSf

(ζS−1)/ζS + (1− νS)
1/ζS chSn

(ζS−1)/ζS
]ζS/(ζS−1)

(2.12)

where ζS is the elasticity parameter and νS is the share parameter. Composite pro-

cessed food (cP̄ ) is a combination of processed food produced domestically in the

urban region (cPu) and imported processed food (cPw)

chP̄ =
[
ν
1/ζP
P chPu

(ζP−1)/ζP + (1− νP )
1/ζP chPw

(ζP−1)/ζP
]ζP /(ζP−1)

(2.13)

where ζP is the elasticity parameter and νP is the share parameter. We use a simi-

lar nested structure for the manufactured good as well to reflect how households

substitute between domestic and imported manufactures. Composite manufac-

tures (cM̄ ) are a combination of manufactures produced domestically in the urban

region (cMu) and imported manufactures (cMw)

chM̄ =
[
ν
1/ζM
M chMu

(ζM−1)/ζM + (1− νM)1/ζM chMw

(ζM−1)/ζM
]ζM/(ζM−1)

(2.14)

where ζM is the elasticity parameter and νM is the share parameter.

2.4.3 Transport costs

The movement of goods between regions is costly, which results in a transport cost

wedge between the factory/farm gate price at the origin (pxj ) and the consumption

price at the destination (pyj ). The transport cost wedge, i.e. the difference between

the destination price and the origin price, consists of two components: (i) direct

fuel costs and (ii) transport rents that accrue to the capitalist household in the ur-

ban region. The consumption price at destination is thus

pyj = pxj (1 + ψrentij︸︷︷︸
rent

) + ψfuelij︸ ︷︷ ︸
fuel

(2.15)
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Figure 2.6: Schematic overview of consumption

The rent component is a relative mark-up on the price at origin. The fuel cost

component is the value of fuel required to move on unit of the commodity

pyj = pxj (1 + ψrentij︸︷︷︸
rent

) + (1− tO)Ep
w
Ofuelij︸ ︷︷ ︸

fuel

(2.16)

where tO is the fuel subsidy, pwO is the international price of imported fuel, E is

the exchange rate, fuelij is the quantity of fuel required to move one unit of the

commodity j from origin to destination. Both the fuel requirement (fuelij) and the

rent parameter (ψrentij ) are indexed by ij to indicate that they vary by commodity

and trade dyad. Trade between the urban region and the far rural region moves via

the near rural region. For simplicity we assume that transport costs are symmetric

around the near rural location, such that goods transported between near and far,

and goods transported between near and urban are subject to the same transport

costs.

2.4.4 Prices

The small open economy is a price-taker in world markets. International prices of

the four imported commodities (processed food, manufactures, fuel, and fertiliser)

are denoted pwP , pwM , pwO, and pwZ . The economy’s export good (the cash crop) sells

at price pwC in international markets. The price of the imported manufactured good
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(pwM ) is held fixed at a value of one and functions as the numéraire. These inter-

national prices are ‘at the quayside’, i.e. before tariffs, duties or subsidies, and are

denoted in foreign currency.

Table B1 in Appendix 2.B.7 shows an overview of region-specific consumption

prices. Consumption prices at the destination are written as a function of the fac-

tory price at the origin. In addition to transport costs, tariffs, duties, subsidies and

taxes introduce additional wedges between origin and destination prices for some

goods. There is a single local price for each product, which applies to both final

consumption by households and intermediate demand by firms.

2.4.5 Commodity market clearing

All commodity markets clear in each period, i.e. there is no storage of goods across

periods. The cash crop production from both rural regions is fully exported to

international markets. Processed food (both imported and domestically produced)

is directly consumed by households. The staple crop (from far rural and near rural)

and the manufactured good (imported and domestically produced) are consumed

by households directly and are used as inputs in the production of processed food.

In addition, imported manufactures are used in capital formation. The economy

imports fertiliser and fuel to match input needs in agricultural production and

transportation.

2.4.6 Factor market clearing

Labour markets clear within region, i.e. there is no migration between regions.

Within a given region, however, labour is perfectly mobile across sectors. As our

static model is focused on short-run effects, land allocations are held fixed; there

can be no reallocation of land across crops or regions. Land rents adjust to satisfy

first order conditions at these fixed allocations. Capital can be reallocated between

the food processing and manufacturing sector to equalise returns in the two sec-

tors. Investment is sufficient to maintain the overall capital stock at its steady state

level.
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2.4.7 Macroeconomic balances

To close the model, we assume closure rules for the three macroeconomic balances:

the fiscal balance, the external balance and the savings-investment balance. While

the choice of closure rules is arbitrary and does not alter the initial calibration of

the model, by determining the form of overall macroeconomic adjustment, closure

rules do affect the results in counterfactual model simulations.15

On the fiscal side, the government generates revenue from multiple sources:

direct taxes on household income, import tariffs on processed food and manufac-

tures, export duties on cash crops, and grant aid. Government expenditures cover

subsidies on imported fertiliser, fuel and food, direct cash transfers to households,

and debt servicing. The choice of closure rule for the fiscal balance varies by sim-

ulation to reflect differential fiscal financing strategies across the different policy

counterfactuals. In simulation (1) (i.e. the ‘no mitigation’ case), all tax, tariff and

subsidy rates are held constant, along with external fiscal financing so that gov-

ernment spending on household transfers adjusts to satisfy the fiscal budget con-

straint (see Equation 2.49 in Appendix 2.B.6). In simulations (2) and (4) (i.e. exter-

nally financed policies), transfers remain unaltered and external grant aid adjusts

to finance the discretionary increase in government spending and to restore fiscal

balance. In simulations (3) and (5) (i.e. domestically financed policies), it is the tax

rate on the capitalist household’s income that rises to close the fiscal financing gap

that results from the increase in spending.

Foreign savings (both public and private) are exogenous and fixed. To ensure

external balance, this then implies that adjustment is via the trade balance (i.e.

exports and imports). This quantity adjustment to the trade balance is, in turn, fa-

cilitated by movements in the real exchange rate. Finally, we adopt an investment-

driven closure where gross investment exactly offsets depreciation so that steady-

state capital remains constant. With foreign savings held constant across steady

states, private savings (and hence private consumption) by the capitalist house-

15For a comprehensive discussion of macro closure rules, see Lofgren et al. (2001). Macro closure
rules are more readily handled in a dynamic model setting than in comparative statics. In a
related forthcoming paper, we thus examine the effect of external price shocks under alternative
fiscal mitigation measures and financing strategies in a dynamic model.
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hold adjust to satisfy the ‘savings-equal-investment’ balance in the economy.16

2.5 Calibration and baseline equilibrium

We draw on a blend of aggregate macro data and high-quality geo-referenced mi-

cro survey data to calibrate our model. Following the approach adopted in Adam

et al. (2018), we anchor the calibration of our model in the 2018 Social Account-

ing Matrix (SAM) for Tanzania (Thurlow, 2021). The SAM distinguishes between

42 activities and commodities and defines 10 different household types by income

deciles. Translating the SAM into a structure that is consistent with our modelling

framework requires a number of choices around classification and taxonomy in

order to map activities and commodities reported in the SAM into the production

and consumption structure of our model. For details, see Appendix 2.C.

One key challenge in using the SAM as a source of data to calibrate our model

lies in its lack of spatial differentiation. We are thus required to make assumptions

around the location of production and consumption to map the SAM’s aggregate

data into our spatial model structure. Our model features 9 spatially-differentiated

production sectors, 13 commodities (8 domestically produced, 5 imported com-

modities), and 6 spatially-differentiated households. We draw on georeferenced

microeconomic survey data from the World Bank’s Living Standards Measure-

ment Study (LSMS) to microfound the required assumptions around the spatial

allocations of land and labour across locations in the economy.17 The spatial distri-

butions of land and labour that we derive from the LSMS data can be found in the

calibration appendix 2.C.

We reshape the consumption vector given by the SAM, assigning total house-

hold consumption of each commodity type to the 6 household types in our model.

As there exists no way to directly map from the income deciles in the SAM to our

model’ household structure, we again draw on LSMS data to inform the mapping.

The calibration of transport cost wedges is based on Adam et al. (2018), subject to

16This ‘Johansen closure’ contrasts with a ‘neo-classical closure’ where savings are fixed and invest-
ment adjusts, and various Keynesian closures where the adjustment mechanism is via employ-
ment or unemployment.

17We draw on five waves of Tanzanian LSMS data from 2008-2019 (National Panel Survey data
collection waves 1-4, plus the extended panel collected in 2019).
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SAM control totals. Fiscal and macro aggregates are based on the SAM in conjunc-

tion with IMF Article IV documents and reports. The structure of the economy

and factor intensity of production at baseline are summarised in Table 2.2. Table

2.3 reports the fiscal and external balance at baseline.

2.6 Comparative statics

In this section, we run a set of comparative static experiments, simulating the im-

pact of import price shocks under different policy regimes. We first focus on the

effects of a simultaneous 20% increase in the international prices of food, fuel and

fertiliser (pwP , pwO, and pwZ) in the absence of any mitigating policy response, to ex-

plore the fundamental mechanisms of transmission for import price shocks in our

general equilibrium framework. This ‘no mitigation’ experiment is the counterfac-

tual against which we subsequently assess different mitigation policies.18 Individ-

ual import price shocks can have complex (at times mutually reinforcing or offset-

ting) effects on the economy in general equilibrium. To guide our understanding

of the fundamental mechanisms of shock transmission in general equilibrium, we

also run simulations of isolated price shocks for food, fuel and fertiliser in the ab-

sence of a policy response. Comparing the results from these isolated price shocks

with those of the joint shock experiment allows us to detect potential feedbacks

and interactions from the joint shock in general equilibrium. Simulation results for

isolated price shocks can be found in Appendix 2.D.

Building on the analysis of shock transmission in the ‘no mitigation’ exper-

iment, we compare different fiscal mitigation strategies and financing arrange-

ments. In a first set of experiments, we assume the government increases import

price subsidies to mitigate the impact of the shock. We set subsidy rates on food,

fuel and fertiliser such that the original price increase is fully offset by the higher

subsidy. With these higher subsidy rates, domestic effective prices of imported

food, fuel and fertiliser remain unchanged at the border. We consider two differ-

ent financing arrangements for this policy. First, we assume the increase in subsidy

18This shock is smaller in magnitude than the global price shock observed in 2022 after Russia’s
invasion of Ukraine, particularly for fuel and fertiliser. Nonetheless, a simultaneous 20% increase
in the prices of food, fuel and fertiliser is a useful benchmark case, as it constitutes a significant
terms of trade shock which can still be accommodated comfortably by our modelling structure.
Larger price shocks challenge the accuracy of the numerical solutions to the model.
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Table 2.2: Structure of the domestic economy at baseline

Cash crop Staple crop Food
processing

Manufact. Non-
tradables

[1] Supply (producer prices as share of total output)
Total 4.1 % 32.1 % 19.7 % 26.3 % 17.8 %
Far rural 2.4 % 22.9 % - - 3.0 %
Near rural 1.6 % 9.2 % - - 1.5 %
Urban - - 9.3 % 8.9 % 13.3 %
RoW - - 10.4 % 17.5 % -
[2] Absorption (consumer prices as share of total absorption)
Total 8.8 % 30.9 % 24.3 % 23.5 % 12.5 %
Final demand
Far rural - 11.4 % 7.3 % 7.9 % 2.1 %
Near rural - 3.8 % 2.8 % 2.4 % 1.0 %
Urban - 9.8 % 14.2 % 11.8 % 9.3 %
RoW 8.8 % - - - -
Intermediate demand
Food process-
ing

- 5.9 % - 1.3 % -

[3] Factor intensity (per unit of output)
Labour
Far rural 0.197 1.352 - - 2.206
Near rural 0.233 1.284 - - 1.500
Urban - - 0.437 0.364 0.728
Land
Far rural 0.098 0.258 - - -
Near rural 0.058 0.201 - - -
Capital
Urban - - 3.613 4.517 -
Fertiliser [*]
Far rural 0.106 0.695 - - -
Near rural 3.035 3.106 - - -

Note: [1] Supply is reported as a share of total output at producer prices (total output is 135.5,
i.e. 137% of GDP). [2] Final demand and intermediate demand are reported as a share of total
absorption (total absorption is 193, i.e. 195% of GDP). [3] Factor intensity is reported per unit of
output in quantity terms, so comparisons are only meaningful within commodity type. [*] Fertiliser
intensity is multiplied by 100 to ease comparison of magnitudes across sectors.
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Table 2.3: External and fiscal balance at baseline

External balance Fiscal balance
% Value added % Value added

Total Exports 17.2 % Total Revenue 28.4 %
Cash crop – far 12.9 % Tariffs 3.8 %
Cash crop – near 4.4 % Export duties 1.7 %
Total imports Total Expenditure 30.4 %
Processed food 13.0 % Subsidies 2.4 %
Fuel 21.5 % Transfers 25.9 %
Fertiliser 0.9 % Debt service 2.2 %
Manufactures [a] 23.9 % Deficit 2.0 %
Manufactures [b] 1.3 %
Manufactures [c] 5.1 % Aid 2.0 %

Note: Total value added at baseline is 98.8 (domestic production at producer prices plus fertiliser
imports at farm-gate prices). [a] Manufactures imported for final consumption. [b] Manufactures
imported for use as intermediates in the domestic production of processed food. [c] Manufactures
imported for capital formation.

payments is fully externally financed by grant aid. In this simulation, the increased

aid fully compensates for the increase in the cost of imports, while the perfectly

targeted price subsidies fully insulate domestic production and consumption deci-

sions. Second, to simulate domestic financing of the subsidy increase, we increase

the direct tax rate on the capitalist household.19 Increasing the rate results in a

distortionary demand response from the capitalist and corresponding production

shifts in the economy.

In a second set of experiments, we assume the government increases direct net

transfers paid to households, while keeping subsidy rates at their baseline values.

The total increase in the transfer budget is set equal to the increase in the sub-

sidy budget in experiment (2), where subsidies are financed through an additional

inflow of grant aid. We take the aid inflow required to finance the ‘full offset’

subsidies to be an estimate of the ‘cost of the shock’. In the transfer experiments,

we distribute these funds to households directly as uniform lump sum per capita

payments. We again contrast the effects of the policy under two different financ-

ing arrangements. First, we again simulate external financing, increasing grant

aid inflows to close the fiscal financing gap. Second, in a subsequent experiment,

the increase in transfer payments is financed by an increase in the income tax rate

19Given that this household supplies no labour, household income consists of the gross return on
capital plus transport rents.
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on the capitalist household. In each of the experiments, we consider four broad

sets of outcomes to analyse the economy-wide effects of the import price shock,

summarised in Table 2.4: (i) fiscal aggregates, (ii) imports and exports, (iii) sectoral

production responses, and (iv) household consumption.

2.6.1 Simultaneous price shock with no mitigation

In the ‘no mitigation’ experiment (1), we hold the inflow of grant aid, which is used

to finance the fiscal deficit, fixed at the baseline value. Total government revenue

drops by 9% as income from import tariffs and export duties falls due to declining

trade flows. Revenue from direct taxes also declines by 9% as households’ taxable

incomes fall. Import price subsidy rates are kept fixed at the baseline values of 0%

for food, 10% for fuel and 25% for fertiliser imports. As import prices rise, the total

cost of these ad valorem subsidies thus increases. The resulting budget squeeze

leads the government to cut direct transfers to households, the balancing item in

this simulation, by 10.8% overall.

The simultaneous import price shock has a strong negative effect on the value

of aggregate production (-6.8%) and final consumption (-8.2%). Farm- and factory-

gate prices of all domestically produced goods fall as higher import prices, cou-

pled with low elasticity of substitution between domestic and imported varieties

of goods, reduce households’ disposable income that can be spent on domestically

produced goods. In addition, higher fuel prices drive up the cost of transporting

goods between regions, exerting further downward pressure on farm- and factory-

gate prices. Production quantities in agriculture and manufacturing fall, while pro-

duction of domestic processed food increases and production of local non-tradable

services edges up slightly.

The impact of the price shock on trade flows is quantitatively significant. With

the global price of the export cash crop unchanged, the reduction in total value of

exports by 6.3% can be attributed in full to a fall in production volume. As produc-

ers of the export cash crop are price takers in international markets, the higher fuel

cost implies a larger transport cost wedge between local farm-gate prices and the

price on world markets. This negative effect on farm-gate prices of the export crop
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Table 2.4: Comparative statics results (% change over baseline)
(1) (2) (3) (4) (5)
No Subsidies Subsidies Transfers Transfers

mitigation Aid fin. Tax fin. Aid fin. Tax fin.
Q % V % Q % V % Q % V % Q % V % Q % V %

Fiscal aggregates
Total Revenue – -9.0 – -4.6 – 19.4 – 0.6 – 25.6
Tariffs – -9.4 – -33.8 – -43.6 – 6.9 – -9.8
Export duties – -6.3 – 0.0 – 7.1 – -7.5 – -6.8
Direct Taxes – -9.2 – 0.0 – 30.8 – 0.1 – 33.9
Total Expenditure – -8.4 – 19.0 – 18.1 – 24.6 – 23.9
Subsidies – 9.8 – 243.2 – 235.3 – 14.0 – 10.2
Transfers – -10.8 – 0.0 – 0.0 – 27.3 – 27.3
Debt Service – -0.4 – 0.0 – -3.8 – 3.5 – -1.6
Deficit – 0.0 – 353.4 – 0.0 – 366.0 – 0.0
Aid – 0.0 – 353.4 – 0.0 – 366.0 – 0.0

Trade
Total Exports – -6.3 – 0.0 – 7.1 – -7.5 – -6.8
Cash crop -6.3 -6.3 0.0 0.0 7.1 7.1 -7.5 -7.5 -6.8 -6.8
Total Imports – -1.7 – 10.8 – 1.9 – 9.2 – -1.8
Processed food -25.5 -10.5 0.0 20.0 -13.2 4.2 -15.6 1.3 -27.8 -13.4
Manufactures [a] -9.3 -9.3 0.0 0.0 -15.1 -15.1 10.1 10.1 -8.2 -8.2
Manufactures [b] -0.8 -0.8 0.0 0.0 -10.9 -10.9 5.9 5.9 -4.0 -4.0
Manufactures [c] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Fertiliser -29.5 -15.4 0.0 20.0 -3.4 15.9 -19.7 -3.6 -27.3 -12.7
Fuel -6.3 12.4 0.0 20.0 0.0 20.0 -3.4 15.9 -6.2 12.6

Production
Aggregate – -6.8 – 0.0 – -8.6 – 5.1 – -6.6
Cash crop -6.3 -21.7 0.0 0.0 7.1 5.7 -7.5 -22.5 -6.8 -22.0
Staple crop -1.6 -6.1 0.0 0.0 -4.0 -6.4 -0.5 7.8 -2.2 -3.5
Food processing 1.9 -4.8 0.0 0.0 -2.6 -14.9 1.7 3.0 1.1 -10.8
Manufacturing -3.1 -7.2 0.0 0.0 6.3 -7.7 -0.1 6.7 5.4 -2.8
Non-tradables 0.1 -5.5 0.0 0.0 -1.6 -13.1 2.3 6.6 1.1 -8.2

Final consumption
Aggregate – -8.2 – 0.0 – -13.4 – 7.1 – -8.2
Far-Agricultural -10.5 -11.5 0.0 0.0 1.3 -2.3 9.0 15.7 11.8 11.5
Far-Non-agricult. -12.6 -14.8 0.0 0.0 0.2 -3.4 12.3 17.6 11.8 11.0
Near-Agricultural -12.2 -12.7 0.0 0.0 -0.8 -4.9 15.5 23.0 13.1 13.4
Near-Non-agricult. -13.4 -12.7 0.0 0.0 -1.1 -4.7 16.1 23.3 13.0 14.3
Urban-Wage-earning -4.6 -4.4 0.0 0.0 -1.6 -8.4 -0.5 5.4 -1.2 -3.6
Urban-Capitalist -7.7 -8.4 0.0 0.0 -29.2 -33.8 -9.3 -3.7 -38.1 -39.8

Note: This table shows the impact of a simultaneous 20% increase in the import prices of food, fuel
and fertiliser, given different mitigation policies. Effects are reported as changes in quantity (Q%)
and changes in value (V%) over baseline in percent. (1) Joint price shock in the absence of any mit-
igating policy response; (2) Joint price shock with aid-financed ‘full-offset’ import price subsidies;
(3) Joint price shock with tax-financed ‘full-offset’ import price subsidies; (4) Joint price shock with
aid-financed net transfers to households; (5) Joint price shock with tax-financed net transfers to
households. [a] Manufactures imported for final consumption. [b] Manufactures imported for use
as intermediates in the domestic production of processed food. [c] Manufactures imported for cap-
ital formation. Consumption is adjusted for household size, i.e. refers to consumption per capita.
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is more pronounced in the far than in the near rural region, as more fuel is required

to transport goods from this more remote area to the urban port for exporting.

Due to substitution effects, import quantities respond strongly to the increase

in prices.20 For processed food and fertiliser, which can partly be substituted with

domestically produced food and other factors of production, the relative reduction

in import volumes exceeds the relative increase in price. The 20% price increase

causes a 25.5% reduction in the imported quantity of processed food and 29.5%

reduction in the imported quantity of fertiliser. Since there is no domestic substi-

tute for fuel, the reduction in imported quantity of fuel is much smaller than for

food and fertiliser. For fuel, the 20% price increase results in only a 6.3% reduc-

tion in the volume of imports, reflecting the lower level of domestic trade flows.

Imported manufactured goods have three different uses in the domestic economy.

Firstly, they are consumed by households, who can substitute imports with the

domestically produced manufactured alternative in response to price shock. Sec-

ondly, imported manufactures are used as an intermediate input in the domestic

production of processed food, where they can again be substituted with the do-

mestic variety of manufactures. Thirdly, imported manufactures are the sole input

into capital formation. With fixed investment, this requires the quantity imported

for capital formation to remain unchanged even at the higher post-shock price.

While there is an overall reduction in domestic production, there is significant

heterogeneity between sectors in the economy. Production quantities fall most

strongly in the export cash crop sectors, as higher fuel costs depress farm-gate

prices. Production quantities of the staple food crop also fall, as lower fertiliser use

reduces production capacity. In the domestic manufacturing sector, the production

volume falls by 1.7% due to weaker demand. In the local non-tradable services sec-

tors, on the other hand, production quantities increase. Since local non-tradables

do not incur transport costs, households shift some consumption from tradable

20The extent of import compression depends crucially on our chosen macro closure rules. In this
first simulation, import demand responds very strongly to the price shock in order to restore
external balance, since external financial inflows such as foreign savings, aid, and remittances
are held fixed. In subsequent simulations (2) and (4), external grant aid flexibly adjusts to close
the fiscal financing gap, which significantly reduces import compression vis-a-vis simulation (1).
The different simulations reflect stylised closures at opposite ends of the spectrum; In reality,
the price shock’s effect on import demand is likely more muted than in simulation (1), but more
pronounced than in simulation (2).
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commodities to non-tradable services. While the effect on production quantities is

very heterogeneous, with some sectors shrinking and others expanding, marked

reductions in all farm- and factory-prices imply reductions in the value of produc-

tion across all sectors in the economy.

Wages fall significantly across all regions in the economy.21 Rural labour shifts

from cash crop agriculture to staple crop agriculture and non-tradable services.

This implies a reduction in the size of the agricultural household in both the far and

near rural region, and a corresponding increase in the size of the non-agricultural

households.22 In the urban region, labour movements are smaller, with some

labour reallocating from food processing and manufacturing to non-tradable ser-

vices. Falling land rents across all agricultural sectors reflect less intensive farming

due to lower fertiliser use.23 Fertiliser use plummets in response to the price shock,

which is amplified by the increase in fuel costs, further driving up the farm-gate

price of fertiliser. The fertiliser reduction is stronger in cash than in staple crop

production, and stronger in the far than in the near rural region. Some capital,

which is employed in urban production only, is reallocated from manufacturing to

food processing.

The import price shock has strong negative effects on households’ real income

and final consumption. In line with falling prices paid to all factors of production,

real income from factors declines for all household types. Non-factor incomes,

which constitute direct net transfers for all households except the capitalist, fall

even more strongly than income from factors. This results in disposable income

(post-tax factor income plus non-factor income) falling by 8.6% on average for all

wage-earning households (i.e. excluding the capitalist).

The price shock and resulting production shifts cause strong movements in rel-

ative prices in the economy. In response, households adjust their consumption

baskets in favor of locally produced commodities that incur lower fuel costs, and

domestic substitutes to replace expensive imports. All households significantly re-

21Labour market clearing within region implies that wages equalise between sectors in a given
region.

22There is no migration between regions in the current version of this model, so labour markets
must clear within each region.

23As we examine only the short-run effects of the shock, land allocations are held fixed such that
land cannot be moved between cash crop and staple crop agriculture.
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duce their consumption of imported processed food in response to the 20% price

increase. The strength of their response varies depending on the level of per capita

consumption at baseline and, to some extent, on the household-specific share pa-

rameters that influence the degree of substitutability between imported and do-

mestic processed food.24 The further a household’s per capita consumption at

baseline is from the subsistence level on processed food, the stronger the response

to the price increase. Households that at baseline consume quantities relatively

close to the subsistence threshold have less scope to reduce their consumption in

response to the price shock. All households increase their consumption of local

non-tradable services, which do not incur transport costs. By contrast, consump-

tion of commodities that require a relatively large expenditure on transport, such

as imported manufactures consumed in the far rural region, is reduced signifi-

cantly.

2.6.2 Externally financed subsidy increase

The first policy analysis we conduct is a straightforward experiment to illustrate

the mechanisms that operate in the model. Subsidy rates on imported food, fuel

and fertiliser are set to fully offset world price increases, with the cost of the in-

creased subsidies met by an additional inflow of grant aid. The policy is therefore

budget-neutral. This implies raising the subsidy on fuel (sO) from 10% to 25% and

the subsidy on fertiliser (sZ) from 25% to 37.5%.25 At baseline, there is a 10% tariff

on food imports, but no subsidy. To keep the price of imported food at its baseline

value, we introduce a subsidy of 8.3%.26

As these higher subsidy rates keep effective consumer prices for imported food,

fuel and fertiliser at their baseline values, the price shock does not cause a demand

response and import quantities remain unchanged (see column (2) in Table 2.4).

24We model the consumption of imported and domestic processed food in a CES aggregator. The
elasticity of substitution in this CES structure (ζP ) is the same for all household types. The share
parameters (νP ) are calibrated based on the common elasticity parameter and households’ con-
sumption quantities at baseline.

25The ‘full-offset’ subsidy rates are calculated as snew = 1− ((1− sbase)pbasew /pshockw ).
26At baseline, the international price of processed food is pbasePw = 1 and the effective price of

food imports in the urban region, inclusive of the 10% tariff, is puPw = 1.1. The 20% price
shock increases the international price of processed food to pshockPw = 1.2. To bring the effec-
tive price in the urban region back to its baseline value, we introduce a subsidy (sP ) such that
sP = (puPw/p

shock
Pw )− 1, which yields sP = 8.3%.
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Since international prices for food, fuel and fertiliser increase in global markets,

the value of total imports rises by 11.7% overall. Expenditure on subsidies more

than triples (+243%) under the higher ‘full-offset’ subsidy rates. This increase in

the import bill is accounted for by an equivalent increase in grant aid. As a result,

the country’s aid budget more than quadruples (+353%). At the same time, tariff

revenues fall by 33.8% as the government forgoes the tariff on food imports. The

magnitudes of the increase in subsidies and aid required to perfectly offset the

shock are large and would likely render this externally financed ‘full offsetting’

of the shock an infeasible policy. In any case, if the price shock is assumed to

be permanent, the additional expenditure on subsidies would be recurring each

period, and the government would have to secure sufficient grant aid financing in

each period. However, this experiment yields useful insights on the ‘cost of the

shock’, i.e. the funds that would be required to fully shield the economy from the

effects of the shock in a given period. In addition, this experiment can be seen as a

proof-of-concept to illustrate how the model works.

2.6.3 Domestically financed subsidy increase

In this experiment, we again increase subsidies on import prices such that the

global price shock is fully offset and effective consumer prices remain at baseline

levels. The additional expenditure on subsidies, however, is financed domestically

through an increase in the income tax rate applied to the capitalist household’s

income27 from 30% to 63.8%. In contrast to the previous experiment, where the

policy is financed externally through grant aid, domestic financing implies a dis-

tortionary demand response from the capitalist household which has noticeable

ripple effects throughout the domestic economy. At the higher tax rate, the capi-

talist’s real disposable income declines by 24.1% vis-a-vis the baseline value. As a

result, the capitalist household significantly reduces consumption of all commodi-

ties by between 31% to 36% in value terms. Since the capitalist’s consumption

expenditure accounts for approximately 27% of aggregate final consumption at

baseline, this reduction has significant effects on all sectors in the economy in gen-

eral equilibrium.

27The capitalist household pays income tax on income from returns on capital and transport rents.
Returns on bonds and remittances are not taxed.
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Total government revenue increases by 19.4%, owing to higher income from

direct taxes and export duties, which more than offset the reduction in tariff income

(see column (3) Table 2.4). Total expenditure increases by 18.1% due to the surge in

spending on subsidies (+235%). Import quantities fall by 12.4% for manufactures,

13.2% for processed food, and 3.4% for fertiliser, while the import quantity of fuel

is flat at +0.3%. Due to the offsetting price effects (international prices for food,

fuel and fertiliser increase by 20%), the value of total imports still increases by 2%,

despite the reduction in import quantities. While farm- and factory-gate prices of

all other domestically produced goods fall in response to the capitalist’s demand

reduction, the higher subsidies on fuel and fertiliser cause the farm-gate price of

the export cash crop to remain at its baseline value. The corresponding change

in the relative price between staple and cash crops, and the balance of payments

pressures exerted by the higher value of imports, lead to an increase in cash crop

production and exports (+7.1%).

In the far rural region, labour moves from staple crop agriculture (-13.8%) into

cash crop agriculture (+113%), which generates a 9.4% increase in cash crop pro-

duction in the far rural region. In the near rural region, labour movements are

smaller, with some labour moving out of staple crop agriculture and non-tradable

services and into cash crop agriculture. In the urban region, labour and capital

are pulled into the manufacturing sector to increase production of the domestic

substitute for imported manufactures.

Nominal pre-tax factor incomes fall for all household types, with the reduction

strongest for the urban wage-earning household (-14.4%) and weakest for the non-

agricultural household in the far rural region (-2.1%). Disposable real incomes per

capita, which are net of tax and transfers and deflated by households’ consumer

price indices, also fall for households in the urban region (-1.6% for the wage-

earning household and -24.1% for the capitalist household). In the near rural re-

gion, the fall in disposable real incomes is smaller (-1.1% for the non-agricultural

household and -0.8% for the agricultural household). In the far rural region, how-

ever, disposable real incomes increase slightly, as the reduction in consumer prices

is stronger than the reduction in nominal incomes.
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2.6.4 Externally financed transfer increase

We next consider direct household transfers to buffer the domestic population

from the import price shock. We again start with an experiment in which the pol-

icy is financed externally through an increase in grant aid (see column (4) in Table

2.4). Instead of raising import price subsidies, in this experiment we distribute

uniform per capita transfer payments to households. To ease comparison with the

previous policy experiments, we set the increase in the transfer budget to equal the

increase in the subsidy budget in experiment (2), i.e. the total increase in transfers

is equivalent to the cost of implementing the ‘full offset’ import price subsidies in

column (2).

As in the ‘no mitigation’ experiment (1), the price shock is fully passed through

to the domestic economy in this experiment. However, households’ disposable

incomes are significantly higher than in the experiment with no mitigation due to

the additional transfers payments, which props up domestic demand. There are

no additional subsidies to offset the import price shock, such that domestic prices

of imported goods increase. Unlike in experiments (2) and (3), where price shocks

were offset, changes in relative prices and corresponding substitution effects can

fully unfold in this experiment. Producers and consumers are exposed to the new

prices, which appropriately signal opportunity costs, and consequently substitute

imports with domestically produced goods to some extent where possible.

Due to the relatively high cost of the policy, and the limited increase in govern-

ment revenues, the fiscal deficit expands significantly, with aid inflows increasing

to close the fiscal financing gap. Total government expenditures rise more strongly

than in experiments (2) and (3), because in addition to the discretionary increase

in transfers, other subsidy payments, which are defined ad valorem, increase au-

tomatically as import prices rise. Debt servicing costs also increase, since the price

index that is used to deflate interest payments on the capitalist’s holdings of gov-

ernment bonds rises.

Cash crop exports decline, as farm-gate prices of the export cash crop fall due

to increase in fuel costs, and production costs rise due to the increase in fertiliser

cost. Imports of processed food, fertiliser, and fuel fall in response to the increase

92



in price. Imports of the manufactured good, however, increase as the price re-

mains unchanged and households’ disposable incomes rise thanks to the transfer

payments.

As price shocks are allowed to pass through to the domestic economy, produc-

tion responses are broadly similar to the ‘no mitigation’ experiment (1). Since the

shock is buffered by the transfer policy, however, shifts in production volumes are

more muted than in the experiment with no mitigation. The shift of rural labour

out of the cash crop sectors is stronger, and the shift into the staple crop sectors is

weaker, as the aid-financed transfers reduce the pressure on the external balance

and domestic food production. Transfer payments allow households to continue

to cover a higher share of subsistence needs with imported food despite the price

increase. The non-tradable services sectors in both rural regions expand, as house-

holds spend some of the additional disposable income on these goods which are

not subject to transport costs and are thus not directly affected by the fuel price

shock.

As a direct effect of the policy, households’ disposable nominal incomes rise

strongly. Real incomes rise less strongly, as higher prices erode part of the addi-

tional transfer payments. Transfers are paid uniformly per capita, such that they

are distributed equally across household types in nominal terms. However, the in-

crease in price levels is heterogeneous across households, depending on their spe-

cific consumption bundles, and baseline per capita income levels vary widely be-

tween households. As a result, the transfer payments, while uniformly distributed

in nominal terms, have differential effects on relative changes in households’ real

income per capita. Households in rural regions benefit more strongly from the

policy in relative terms, with consumption per capita increasing by between 9.0%

and 16.1%. For the wage-earning household in the urban region, the income gains

from transfers are not sufficient to compensate for the increase in prices, such that

consumption falls slightly in quantity terms. The capitalist household does not re-

ceive a transfer payment, and their income is eroded by higher prices and lower

income from transport rents, as households’ consumption becomes more local in

response to the increase in fuel prices.
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2.6.5 Domestically financed transfer increase

Finally, we contrast the previous policy experiments with a domestically financed

increase in transfer payments to households. In this experiment, the overall in-

crease in the transfer budget is again identical to the aid-financed transfer increase

in experiment (4), but the fiscal financing gap is closed domestically by raising the

capitalist’s income tax rate from 30% to 69.4%. Domestic financing again implies

a distortionary demand response from the capitalist, as the capitalist’s real income

declines by 32.4% vis-a-vis the baseline value. This leads the capitalist household

to significantly reduce consumption of all commodities by between 37% to 45%

in value terms. The total fiscal financing gap in the transfer experiment with do-

mestic financing is larger than in the subsidy experiment with domestic financing,

because in addition to the increase in transfers, ad valorem subsidies automatically

add to the fiscal financing gap when import prices rise.

All trade flows, including both exports and imports, decrease strongly. Imports

of processed food, fuel and fertiliser decline directly in response to the import price

shock. Imports of the manufactured good decline as a result of weaker demand

from the capitalist household, who at baseline accounts for 24% of total consump-

tion of imported manufactures. Lower trade flows result in lower revenue from

export duties and import tariffs. However, as the tax rate on the capitalist’s income

is raised to finance the additional transfer payments, increased revenue from direct

taxes more than offsets the reduction in trade taxes, leading to an expansion of to-

tal government revenue by 25.6%. Government expenditure rises discretionary for

the increase in transfer payments, and automatically for the ad valorem subsidies

on imports, with subsidy rates kept at baseline values. As in the domestic financ-

ing experiment (3), debt servicing costs fall slightly due to the capitalist’s holdings

of government bonds being deflated at a higher price index.

The total value of domestic production declines by 6.6%. This reduction is sig-

nificantly smaller than in the tax-financed subsidy experiment (-8.6%), but only

slightly smaller than in the ‘no mitigation’ experiment (-6.8%). Due to increased

fuel and fertiliser costs, agricultural production volumes of both staple and cash

crop decline most strongly. Manufacturing production expands in quantity terms

to replace imports, but declines in value terms due to price deterioration. Food
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processing and non-tradable services expand slightly in quantity terms, but pro-

duction declines strongly in value terms, which is again due to a reduction in pro-

ducer prices.

Real disposable incomes per capita increase in both rural regions, decline

slightly for the urban wage-earning household, and fall strongly for the capital-

ist due to the higher tax. The reduction in aggregate consumption is quantita-

tively equivalent to the reduction in the ‘no mitigation’ experiment (both -8.2%).

However, the distribution across households is very different from the ‘no miti-

gation’ experiment. In the transfer experiment, the brunt of the reduction in con-

sumption is born by the capitalist household, and to a lesser extent by the urban

wage-earning household. For rural households, the two experiments differ sub-

stantially, with income changes having a similar absolute magnitude, but with op-

posite signs. While the value of consumption for rural households declines by be-

tween 11.5% to 14.8% in the ‘no mitigation’ experiment, it rises by between 11.0%

to 14.3% in the experiment with tax-financed transfers.

2.7 Conclusion

World prices of food, fuel and fertiliser increased sharply in 2021-2022. Such global

price shocks have heterogeneous effects across households and sectors within low-

income countries. This paper documents that the spatial dimension is key to un-

derstanding this heterogeneity, as spatial modelling makes it possible to capture

households’ differential exposure to international markets, account for knock-on

effects of fuel price shocks in transport-intensive remote regions, and realistically

simulate the internal supply and demand shifts caused by the shock in general

equilibrium.

We develop a spatial general equilibrium model of a small open agricultural

economy to study the heterogeneous spatial transmission of shocks to households

and to contrast different policy measures that can be used to mitigate these ef-

fects. This framework is particularly valuable since there are strong spatial pat-

terns of poverty in Tanzania (and similar countries). When the outcomes of interest

– e.g., poverty or food insecurity – show strong spatial patterns, spatial models are

uniquely well suited to policy analysis. When poverty is concentrated in remote
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rural areas, or in poor urban clusters, a spatial model is essential for appropriately

capturing the poverty impacts of different policies.

The model we develop is able to capture the spatial consumption patterns ob-

served in the data in response to global price shocks. Model simulations show that,

consistent with their higher net food consumption, urban wage-earning house-

holds are more adversely affected than agricultural households by global food

price shocks. In the case of a simultaneous shock to global food, fuel and fer-

tiliser prices, rural households are affected more strongly than urban wage-earning

households. With no mitigation, the negative impact on real income per capita

is approximately three times stronger in relative terms for the non-agricultural

household in near, the worst-hit household, than for the wage-earning household

in urban (-13.4% vs. -4.6%). While urban households’ consumption baskets are

more exposed to global food price shocks, remote rural households’ consumption

and production are strongly dependent on fuel and fertiliser imports.

Counterfactual policy experiments show that the negative effects of a combined

food, fuel and fertiliser shock can be partially mitigated through import price sub-

sidies and net household transfers. We contrast different financing arrangements

for these policies and conclude that even policy measures that are fully domes-

tically financed through higher income taxes can partially mitigate the negative

effect of global price shocks on households’ real incomes. In our current analysis

we assume import price subsidies are set to fully offset the global price shocks. In

reality, neither donors nor domestic authorities are likely to provide the financing

required to fund such ‘full mitigation’ subsidies. In the absence of full mitigation,

we cannot therefore fully neutralise the changes in relative prices through subsidy

offsets‚ and so the distinction between subsidies and transfers will diminish in this

case.

In ongoing work, we extend the policy experiments to include additional pol-

icy measures (such as VAT reductions) and more complex financing arrangements

(e.g. partial-aid-partial-domestic adjustment using a mix of domestic instruments

and external debt and grant aid). In addition, we solve a dynamic version of

the model, which will be important for understanding smoothing and adjustment

paths. The dynamic model will allow for transitory price shocks, richer public and
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private adjustment, partial inter-temporal smoothing with adjustment costs in the

private sector, and rule-based fiscal responses. As such, the dynamic model will be

crucial for understanding smoothing and adjustment paths, a key consideration in

the design of future policy responses to global price shocks.
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Appendix 2.A Additional figures

2.A.1 Spatial heterogeneity in food prices

Figure A1: Regional differences in consumer prices of food items (LSMS 2010-11)

1,600 2,400 1,600

600 667 667

1,200 1,100 1,250
1,500 1,500 1,400

1,667 1,667 1,500
2,800 2,600 2,600
2,000 1,800 1,800
2,000 1,875 1,600
2,857 2,500 2,400
10000 9,167 5,000

2,000 4,000 5,000
500 600 1,200
390 600 700
571 750 1,000
250 286 441
833 1,000 1,250
400 400 600

667 800 833
1,200 1,400 1,500
625 658 833
400 452 500
933 1,000 1,200
833 833 1,111
500 588 556
700 800 800
625 667 750

1,000 1,000 1,200
1,750 1,600 2,000
697 714 714

1,200 1,200 1,200
800 800 800

667 556 727

[01] cashew, almonds and other
[02] millet and sorghum (grain

[03] maize (grain)
[04] mangoes, avocadoes and ot

[05] sugarcane
[06] ripe bananas

[07] cassava dry/flour
[08] macaroni, spaghetti

[09] citrus fruits (oranges, l
[10] peas, beans, lentils and 

[11] cooking bananas, plantain
[12] cassava fresh

[13] onions, tomatoes, carrots
[14] coconuts (mature/immature

[15] sweet potatoes
[16] maize (flour)

[17] spinach, cabbage and othe
[18] salt

[19] millet and sorghum (flour
[20] groundnuts in shell/shell

[21] yams/cocoyams
[22] rice (husked)
[23] irish potatoes

[24] other cereal products
[25] bread

[26] maize (green, cob)
[27] buns, cakes and biscuits

[28] cooking oil
[29] sugar

[30] honey, syrups, jams, marm
[31] other spices

[32] sweets

far near urban far near urban

Processed food Staple food

[50.0, 60.0]
[40.0, 50.0)
[30.0, 40.0)
[20.0, 30.0)
[10.0, 20.0)
[0.0, 10.0)
[-10.0, 0.0)
[-20.0, -10.0)
[-30.0, -20.0)
[-40.0, -30.0)
[-50.0, -40.0)

Deviation from average (%)
Price deviation

Note: This figure shows median prices of different food items in far rural, near rural, and urban
regions. Prices are calculated from households’ expenditure and consumption quantities. Values
reported in this figure are median prices in each of the regions, shown as Tanzanian shilling per
kilogram/litre. The color scale indicates whether a given regional price is high or low compared to
the other regions. The color shading codes a given price’s deviation from the mean across all three
regions; e.g. for [01] cashew, almonds and other nuts, the price in far rural was 2,000 tsh/kg, which
was 45% lower than the average across the three regions (2,000+4,000+5,000)/3=3,666. Source:
LSMS, National Panel Survey (wave 2, 2010-11), food consumption questionnaires.
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Appendix 2.B Model appendix

2.B.1 First order conditions

Agricultural production

∂

∂Ai
= pliQ

1
γi
i

( λi
Ai

) 1
γi − bi (2.17)

∂
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(2.19)

Manufacturing

∂

∂LM
= ω puM aM

(LM
KM

)ω−1

− wM (2.20)

∂

∂KM

= (1− ω) puM aM

(LM
KM

)ω
− rM (2.21)

Food processing

Since the optimal volume of intermediates is defined from the Leontief relation,

the firm’s first order conditions are defined over labour (L) and capital (K) as

∂

∂LP
= (1− α) pvaP vaP − wP LP (2.22)

∂

∂KP

= α pvaP vaP − rP KP (2.23)

where wF is the wage and rF the rental rate of capital in the food processing

sector.
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Non-tradable services

The firm’s first order condition with respect to labour (L) is

∂

∂LNl
= plNlaNl − wl (2.24)

Budget constraints

The agricultural household in the far rural region (Af ) spends on the consumption

goods {Sf, Sn, Pu, Pw,Mu,Mw,Nf}, generates income from wages (wjf Ljf ) and

returns on land (bjf Ajf ) in the two agricultural sectors {S,C} which is taxed at rate

fA, and receives a share of total transfers (µAfT T ). The household thus faces the

following budget constraint, where i = {Sf, Sn, Pu, Pw,Mu,Mw,Nf} denotes

consumption goods and j = {S,C} denotes sectors of production∑
i

[
pfi c

Af
i

]
= (1− fA)

∑
j

[
wjf Ljf + bjf Ajf

]
+ µAfT T (2.25)

The non-agricultural household in the far rural region (Nf ) spends on the

consumption goods {Sf, Sn, Pu, Pw,Mu,Mw,Nf}, generates income from wage

labour in the non-tradables sector (wNf LNf ) which is taxed at rate fN , and receives

a share of total transfers (µNfT T ). The household thus faces the following budget

constraint, where i = {Sf, Sn, Pu, Pw,Mu,Mw, Nf} denotes consumption goods∑
i

[
pfi c

Nf
i

]
= (1− fN)

[
wNf LNf

]
+ µNfT T (2.26)

The agricultural household in the near rural region (An) spends on the con-

sumption goods {Sf, Sn, Pu, Pw,Mu,Mw,Nn}, generates income from wage

labour (wjn Ljn) and returns on land (bjnAjn) in the two agricultural sec-

tors {S,C} which is taxed at rate fA, and receives a share of total transfers

(µAnT T ). The household thus faces the following budget constraint, where i =

{Sf, Sn, Pu, Pw,Mu,Mw,Nn} denotes consumption goods and j = {S,C} de-

notes sectors of production∑
i

[
pni c

An
i

]
= (1− fA)

∑
j

[
wjn Ljn + bjnAjn

]
+ µAnT T (2.27)

The non-agricultural household in the near rural region (Nn) spends on the

consumption goods {Sf, Sn, Pu, Pw,Mu,Mw,Nn}, generates income from wage
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labour in the non-tradables sector (wNn LNn) which is taxed at rate fN , and receives

a share of total transfers (µNnT T ). The household thus faces the following budget

constraint, where i = {Sf, Sn, Pu, Pw, Mu,Mw,Nn} denotes consumption goods∑
i

[
pni c

Nn
i

]
= (1− fN)

[
wNn LNn

]
+ µNnT T (2.28)

The wage-earning household in the urban region (W ) spends on the consump-

tion goods {Sf, Sn, Pu, Pw,Mu,Mw,Nu}, generates income from wage labour

(wju Lju) in the three sectors {F,M,N} which is taxed at rate fW , and receives

a share of total transfers (µWT T ). The household thus faces the following bud-

get constraint, where j = {F,M,N} denotes sectors of production and i =

{Sf, Sn, Pu, Pw,Mu,Mw,Nu} denotes consumption goods∑
i

[
pui c

W
i

]
=

(
1− fW

)∑
j

[
wju Lju

]
+ µWT T (2.29)

The capitalist household in the urban region (C) spends on the consump-

tion goods {Sf, Sn, Pu, Pw,Mu,Mw,Nu}. The capitalist household generates

income three sources: returns on capital used in the sectors {P,M} and rents

from the transport sector (both of which are taxed at rate fC), and interest from

matured bonds. In addition, the capitalist household receives (or pays) remit-

tances (R). The household thus faces the following budget constraint in each

period t, where i = {Sf, Sn, Pu, Pw,Mu,Mw,Nu} denotes consumption goods,

k = {Sf, Sn, Cf, Cn, Pu, Pw,Mu,Mw,Z} denotes commodities that are trans-

ported between regions, and j = {P,M} denotes sectors of production∑
i

[
pui c

C
i

]
=
(
1− fC

)[
ru

(
KPu +KMu

)
+ rents

]
+ r PC B +R (2.30)

where transport rents for a given trade flow are calculated as the value of the

trade flow at origin, multiplied by the commodity-specific wedge parameter.

2.B.2 Non-tradables market clearing

The markets for non-tradable services clear in each region l = {f, n, u}

QNl =
∑
h

chNl (2.31)
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2.B.3 Commodity market clearing

Staple crop

Staple crop is produced in both rural regions and is not traded internationally. It is

used as an intermediate input in food processing in the urban region and for final

consumption in all of the three domestic regions.

QSf =
∑
h

chSf + SfP (2.32)

QSn =
∑
h

chSn + SnP (2.33)

where h = {Af,Nf,An,Nn,W,C} denotes households.

Cash crop

Cash crop is produced in both rural regions and the domestic production is fully

exported.

QCf = XCf (2.34)

QCn = XCn (2.35)

Processed food

Processed food is produced domestically in the urban region and is imported from

the rest of the world. Processed food is consumed in each of the three domestic

regions.

QPu =
∑
h

chPu (2.36)

DPw =
∑
h

chPw (2.37)

where h = {Af,Nf,An,Nn,W,C} denotes households.

Manufactured good

The manufactured good is produced domestically in the urban region and is im-

ported from the rest of the world. Manufactures are consumed in each of the three
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domestic regions, used as an intermediate input in production of processed food,

and used in the production of capital.

QMu =
∑
h

chMu +MuP (2.38)

DMw =
∑
h

chMw +MwP + IM + IP (2.39)

where h = {Af,Nf,An,Nn,W,C} denotes households.

Fertiliser

There is no domestic production of fertiliser, such all fertiliser that is used is fully

imported from the rest of the world. It is used in the production of both agricul-

tural crops (staple, cash) in both rural regions (far, near)

DZ =
∑
j

Zj (2.40)

where j = {Sf,Cf, Sn, Cn} denotes agricultural sectors.

Fuel

DO =fuel1

[ ∑
Nn,An

(
chPu + chPw + chMu + chMw

)
+ cWSn + cCSn + ZSn + ZCn +QCn

]
+ fuel2

[
cNfSn + cAfSn + cNnSf + cAnSf

]
+
(
fuel1 + fuel2

)[ ∑
Nf,Af

(
chPu + chPw + chMu + chMw

)
+ cWSf + cCSf

+ ZSf + ZCf +QCf

]
(2.41)

2.B.4 Factor market clearing

Labour

Labour markets are integrated within region, resulting in three separate labour

markets in the economy. Within a given labour market, labour moves frictionlessly

between sectors. Labour in the far rural region (f ) can be allocated to staple crop

farming (S), cash crop farming (C) or the non-agricultural sector (N ).

L̄f = LSf + LCf + LNf (2.42)
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Similarly, labour in the near rural region (n) can be allocated to staple crop

farming (S), cash crop farming (C) or the non-tradable services sector (N ).

L̄n = LSn + LCn + LNn (2.43)

In the urban region (u), labour can be allocated to food processing (P ), manu-

facturing (M ), or the non-tradable services sector (N )

L̄u = LPu + LMu + LNu (2.44)

Land

Agricultural land in the far rural region (f ) can be allocated to staple crop farming

(S) or cash crop farming (C)

Af = ASf + ACf (2.45)

Similarly, agricultural land in the near rural region (n) can be allocated to staple

crop farming (S) or cash crop farming (C)

An = ASn + ACn (2.46)

Capital

Capital is only used in production processes in the urban region and can be allo-

cated to the food processing or the manufacturing sector

K̄ = KP +KM (2.47)

2.B.5 Current account

pCw

(
QCf +QCn

)
+ Aid = pMw

(∑
h

chMw +MwP

)
+ pPw

(∑
h

chPw

)
+ pZw

(∑
i

Zi

)
+ pOw fuel

+ pK

(
IPu + IMu

)
+ rdD +R + ϵBOP

(2.48)

where pyit denotes the consumption price of good i in destination y in period

t, pxit denotes the factory/farm-gate price of good i at origin x in period t, h =

{Af,Nf,An,Nn,W,C} denotes households, and i = {Sf, Sn, Pu, Pw,Mu,Mw,

Nf,Nn,Nu} denotes consumption goods.
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2.B.6 Fiscal adjustment

rdD + rg PC B + sZ E pZwDZ + sO E pOw fuel + T =Aid+ fA
∑
i

(
wi Li + biAi

)
+ fN

∑
j

(
wj Lj

)
+ fW

∑
k

(
wk Lk

)
+ fC

(
pK ru

(
KPu +KMu

)
+ rents

)
+ tM E pMwDM + tP E pPwDP

+ tC E pCw

(
QCf +QCn

)
(2.49)

where i = {Sf,Cf, Sn, Cn}, j = {Nf,Nn}, k = {Pu,Mu,Nu}, l = {Pu,Mu}.

Transport rents for a given trade flow are calculated as the value of the trade flow

at origin, multiplied by the wedge parameter (ψrent).
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2.B.7 Domestic prices

Table B1: Local prices

Product Origin Local prices at destination

Far rural Near rural Urban RoW

Non-tradables Far Nf pfNf - - -

Near Nn - pnNn - -

Urban Nu - - puNu -

Staple crop Far Sf pfSf pnSf = pfSf (1 + ψrent2 ) + ψfuel2 puSf = pfSf (ψ
rent
1 + ψrent2 ) + ψfuel1 + ψfuel2 -

Near Sn pfSn = pnSn(1 + ψrent2 ) + ψfuel2 pnSn puSn = pnSn(1 + ψrent1 ) + ψfuel1 -

Cash crop Far Cf pfCf =
EpwC−ψfuel

1 −ψfuel
2

(1+ψrent
1 +ψrent

2 )(1+tC)
- - EpwC

Near Cn - pnCn =
EpwC−ψfuel

1

(1+ψrent
1 )(1+tC)

- EpwC

Manufactures Urban Mu pfMu = puMu(ψ
rent
1 + ψrent2 ) + ψfuel1 + ψfuel2 pnMu = puMu(1 + ψrent1 ) + ψfuel1 puMu -

RoW Mw pfMw = (1 + tM)EpwM(ψrent1 + ψrent2 ) + ψfuel1 + ψfuel2 pnMw = (1 + tM)EpwM(1 + ψrent1 ) + ψfuel1 puMw = (1 + tM)EpwM EpwM

Processed food Urban Pu pfPu = puPu(ψ
rent
1 + ψrent2 ) + ψfuel1 + ψfuel2 pnPu = puPu(1 + ψrent1 ) + ψfuel1 puPu -

RoW Pw pfPw = (1 + tP )Ep
w
P (ψ

rent
1 + ψrent2 ) + ψfuel1 + ψfuel2 pnPw = (1 + tP )Ep

w
P (1 + ψrent1 ) + ψfuel1 puPw = (1 + tP )Ep

w
P EpwM

Fertiliser RoW Z pfZ = (1 + tZ)Ep
w
Z(ψ

rent
1 + ψrent2 ) + ψfuel1 + ψfuel2 pnZ = (1 + tZ)Ep

w
Z(1 + ψrent1 ) + ψfuel1 - EpwZ

Fuel RoW O - - - EpwO
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Appendix 2.C Calibration appendix

2.C.1 Introduction

The basis for calibration of the model is the 2018 Social Accounting Matrix (SAM)

for Tanzania compiled by IFPRI, the International Food Policy Research Institute

(Thurlow, 2021). This is a national SAM that distinguishes 42 activities and com-

modities and 10 households, consisting of five rural households, ordered by in-

come quintile, and five similarly ordered urban households. Factors of production

consist of three classes of labour, differentiated by level of educational achieve-

ment; land, which is used only in agricultural production; and capital, which in

employed in all sectors. The SAM is defined in value terms and traces flows of

spending across the economy. Household spending on commodities accrues to

producers, net of taxes, who in turn purchase intermediate inputs from other firms

and the rest of the world and employ factors of production owned by households.

Some share of domestic production is exported and some proportion of final ex-

penditures on consumption goods, intermediate inputs and capital goods, is im-

ported. A government account tracks revenue mobilisation through direct, indi-

rect and trade taxes, and spending on goods and services, debt service and on the

accumulation and maintenance of infrastructure capital. Net flows of saving by

households, government and the rest of the world constitute the residual vector of

flows that balance the SAM for each activity and commodity, for each household,

for the government account and the aggregate external balance of payments.

Transforming this SAM into a form that is consistent with the specific struc-

ture of production and consumption used in the model, including their spatial

distribution, requires a set of aggregation and allocation choices. These are imple-

mented on the basis of data from other sources and are ultimately disciplined by

the constraints of our model structure and by our own judgements, subject to the

objective that the overall control totals in the SAM, including for the overall level

and structure of GDP, are preserved as best as possible.
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2.C.2 Initial aggregation over commodities and households

The first step involves aggregating from the 42 SAM commodities to the six model

commodities: staple food; cash crops; processed food; manufactured goods; non-

tradable goods and services; and natural resources and tourism. The allocation

between staples, cash crops and processed foods follows directly from 1.B.2. Man-

ufactured goods consist of all remaining tangible commodities in the SAM,28 while

the non-tradable sector is a simple aggregation of all the remaining activities in the

SAM except for mining and hotels which are aggregated into the natural resources

and tourism sector. This final sector, which has a high net export content, is treated

in the model as an enclave sector employing no domestic factors of production and

exporting its entire output: it plays no substantive role in our simulation analysis

but its existence helps preserve the coherence of the model with the underlying

data.

This first aggregation over commodities and activities is done at the national

level. Likewise, on the household side, we initially define a single rural household

as the aggregate of all five rural quintiles and likewise a single urban household.

Flows of labour income are aggregated accordingly by sector and household type.

All land is deemed to be owned by the rural household who receive total rental

incomes. Gross returns to capital accrue to a ‘capitalist’ household. This is not sep-

arately defined in the IFPRI SAM: we describe the construction of this household

account below. Finally, at this initial stage, we make a number of further alterations

and re-allocations to the SAM to map the data to our model structure. These are as

follows:

• All elements in the input-output structure other than intermediate inputs of

staple food and manufactured goods into processed food production are set

to zero. This necessarily changes the value of gross output and gross ex-

penditure in each sector; the row-column balance in the SAM is restored by

absorbing the net expenditure by sector in the final consumption vector.

28These are textiles, wood, chemicals, metal and non-metal goods, machinery and other manufac-
tures.
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• All investment spending by sector of origin, including via change in stocks, is

reallocated to the manufactured goods sector (this being the only input into

investment spending in our model).

• Household-specific savings and investment spending are allocated to the

capitalist household, the only non hand-to-mouth household in the model

(see below).

• All exports of staples, cash crops and processed foods are allocated to

cash crops (and will later be disaggregated by location). All other exports

are treated as elements of the non-modeled ‘natural resource and tourism’

export-only sector.

• All imports of staples, cash crops and processed foods are reallocated to pro-

cessed food imports. Mining and tourism imports are netted off against ex-

ports from this sector and all other imports are treated as imports of manu-

factures. Residual imports of labour, labour services and final direct imports

by households are all set to zero.

Taken as a whole, this set of adjustments to the SAM, which are necessary to

provide for a model-consistent calibration, would appear to be radical. In practice,

however, with the exception of our suppression of the majority of the input-output

structure, most of these changes are marginal and do not radically alter the over-

all structure of production and consumption. For example, it is the case that the

majority of food exports are of cash crops and the majority of non-resource, non-

agricultural exports are of manufactured goods. Likewise, most imports are of

processed foods and manufactured goods. Similarly, we regard it as a reasonable

approximation that most households in Tanzania are hand-to-mouth and do not

save and investment (other than, of course, enjoying title to rural land).

2.C.3 Spatial distribution of activity

The preceding adjustments serve to re-shape the aggregate national SAM. The next

step involves using geo-referenced microeconomic survey data from the World
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Bank’s Living Standards Measurement Study (LSMS) to inform the spatial alloca-

tions of land and labour and hence of employment and consumption across loca-

tions in the economy. As noted in 1.B.3 we assume three regions: far, near and

urban. Staple and cash crops are produced using land and labour in both the far

and near regions while processed food and other manufactured goods are pro-

duced using capital and labour in the urban region. We assume region-specific

non-tradable goods are produced using only local labour in each of the three re-

gions. Each region is populated by two households each: in far and near these are

an agricultural household and a non-agricultural household while in the urban

region there is a wage-earning and a capitalist household. To effect the spatial al-

location of production and consumption across these three locations, the following

adjustments are made to the SAM:

• We draw on five waves of Tanzanian LSMS data from 2008-2019 (National

Panel Survey data collection waves 1-4, plus the extended panel collected in

2019), to estimate the spatial distributions of land and labour across sectors.

These are shown in Table C2. The same LSMS data also generates data on

the average intensity of fertiliser use between staple and cash crops across

regions. Land rental rates are not fully equalised across crops and locations:

we assume for convenience that rental in far are similar but that rental rates

are higher in near and higher for cash crops in near than staple crops.

• The model assumes that labour markets clear by location hence equalising

wages across locations. By dint of allocation of labour and production of sta-

ples, cash crops and non-tradable goods and services between far and near

locations, this implies a baseline wage premium of approximately 47% accru-

ing to those employed in the near region relative to the far region.

• The foregoing aggregations and sectoral allocation of production, trade and

factors, combined with the model assumption that all the non-capitalist

households consume their entire income period-by-period, the assumptions

on public finance, and the treatment of transport costs, imply a residual ma-

trix of final consumption. Relative to the SAM, our constructed capitalist

household, discussed below, gives us an additional degree of freedom which
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allows for small re-allocations of final consumption between households to

ensure the final consumption vector is consistent with evidence on household

expenditures in low-income countries while respecting the balance require-

ments of the SAM.29

• Transport costs consist of two elements, the first being fuel costs and the sec-

ond rents accruing to the capitalist household as the owner of the transport

and distribution system. The IFPRI SAM includes a separate transport cost

wedge. Using earlier work by two of the authors (Adam et al., 2018) and

data on total fuel imports from (IMF, 2022) this transport cost wedge is parti-

tioned into a fuel-cost component (which forms part of imports) and a rental

component (accruing to the capitalist household) and allocated across final

consumption and intermediate goods in terms of their location of consump-

tion.

• The final household consumption vectors at producer and consumer prices

are shown in Table C1.

2.C.4 The capitalist household

The capitalist household does not appear in the IFPRI SAM but rather is created

to absorb items of income and expenditure in the national economy that cannot

be booked elsewhere, given the restrictions of our model structure. Hence this

household is the sole owner of capital and is thus the sole recipient of gross prof-

its. Likewise, it owns the transport and distribution sector and therefore receives

the rents accruing from the movement of goods from producers to consumers in

different locations. Finally, as the only saving household in the model, all private

savings are booked though the capitalist household which then allocates these to

the accumulation of indexed domestic government debt and/or investment in tan-

gible capital in the urban food processing and manufactured goods sectors. The

capitalist household account is balanced by a residual ‘net remittances’ flow to the

rest of the world.
29The final income-expenditure balance for the non-capitalist households is guaranteed by deriving

net household transfers from government.
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Table C1: Final consumption vector
Far Far Near Near Urban Urban

Agric. Non-ag. Agric. Non-ag. Worker Capital
Real consumption (per capita)
Staple food – Far 0.35 0.24 0.13 0.06 0.10 1.22
Staple food – Near 0.04 0.05 0.32 0.16 0.13 0.36
Processed food – Urban 0.06 0.04 0.08 0.07 0.26 0.62
Processed food – Imports 0.05 0.04 0.09 0.07 0.28 0.66
Manufactured good – Urban 0.06 0.05 0.08 0.04 0.18 0.71
Manufactured good – Imports 0.11 0.12 0.16 0.12 0.37 2.04
Non-tradables – Far 0.06 0.13 – – – –
Non-tradables – Near – – 0.14 0.07 – –
Non-tradables – Urban – – – – 0.39 2.95
Consumer Prices
Staple food – Far 1.00 1.00 1.53 1.53 2.05 2.05
Staple food – Near 1.53 1.53 1.00 1.00 1.53 1.53
Processed food – Urban 3.21 3.21 2.66 2.66 2.10 2.10
Processed food – Imports 1.81 1.81 1.46 1.46 1.10 1.10
Manufactured good – Urban 1.48 1.48 1.24 1.24 1.00 1.00
Manufactured good – Imports 1.61 1.61 1.36 1.36 1.10 1.10
Non-tradables – Far 1.00 1.00 – – – –
Non-tradables – Near – – 1.00 1.00 – –
Non-tradables – Urban – – – – 1.00 1.00
Consumption expenditure shares
Staple food – Far 35% 26.5% 14.7% 11.8% 9.3% 22.7%
Staple food – Near 5.5% 8.3% 24.1% 19.7% 9.1% 5.1%
Processed food – Urban 17.7% 13.9% 16.9% 22.4% 24.8% 11.9%
Processed food – Imports 8.4% 8.1% 10% 12.3% 13.7% 6.6%
Manufactured good – Urban 9.2% 8.3% 7.4% 5.2% 7.9% 6.4%
Manufactured good – Imports 18.1% 20.4% 16.3% 20% 18% 20.4%
Non-tradables – Far 6.1% 14.5% – – – –
Non-tradables – Near – – 10.6% 8.5% – –
Non-tradables – Urban – – – – 17.3% 26.9%

Note: This table shows the final consumption vector at baseline. Columns refer to house-
holds (Agricultural – Far, Non-agricultural – Far, Agricultural – Near, Non-agricultural –
Near, Wage-earning – Urban, Capitalist – Urban) and rows refer to goods (type of good
and source).
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2.C.5 The final spatial SAM

The final step consists in transforming the original IFPRI SAM fiscal and external

balance accounts to a model-consistent form. Most of the required adjustments fol-

low directly from the transformations to the household production and consump-

tion accounts described above, but some final adjustments to tax revenues, expen-

ditures and external balancing items are implemented to ensure a broad alignment

with the fiscal and external balance accounts reported for 2018 by the IMF (see IMF,

2022). The resulting spatial structure of the model economy and factor intensity of

production at baseline are summarised in Table 2.2, and Table 2.3 reports the asso-

ciated fiscal and external balance at baseline.

Table C2: Factor allocation at baseline
Region Sector Labour Land Capital
Far rural Staple crop 42% 59% -

Cash crop 5% 19% -
Non-tradables 9% - -

Near rural Staple crop 16% 19% -
Cash crop 2% 4% -
Non-tradables 3% - -

Urban Processed food 6% - 46%
Manufacturing 4% - 54%
Non-tradables 13% - -

Note: This table shows the relative allocation of labour, land, and capital across the nine
spatially differentiated sectors of production at baseline.
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Appendix 2.D Comparative statics appendix

Table D1: Joint and isolated price shocks (% change over baseline)
(1) (2) (3) (4)

No mitigation No mitigation No mitigation No mitigation
Joint shock Fuel only Fertiliser only Food only
Q % V % Q % V % Q % V % Q % V %

Fiscal aggregates
Total Revenue – -9.0 – -8.6 – -0.7 – -0.1
Tariffs – -9.4 – -9.2 – -0.3 – -0.3
Export duties – -6.3 – -3.4 – -2.6 – -1.9
Direct Taxes – -9.2 – -8.9 – -0.6 – 0.0
Total Expenditure – -8.4 – -8.0 – -0.6 – -0.1
Subsidies – 9.8 – 11.5 – -1.4 – -0.9
Transfers – -10.8 – -10.3 – -0.6 – -0.2
Debt Service – -0.4 – -1.7 – 0.1 – 1.0
Deficit – 0.0 – 0.0 – 0.0 – 0.0
Aid – 0.0 – 0.0 – 0.0 – 0.0

Trade
Total Exports – -6.3 – -3.4 – -2.6 – -1.9
Cash crop -6.3 -6.3 -3.4 -3.4 -2.6 -2.6 -1.9 -1.9
Total Imports – -1.7 – -0.9 – -0.7 – -0.5
Processed food -25.5 -10.5 -7.0 -7.0 -0.3 -0.3 -19.9 -3.9
Manufactures [a] -9.3 -9.3 -10.7 -10.7 -0.2 -0.2 1.3 1.3
Manufactures [b] -0.8 -0.8 -4.8 -4.8 -0.6 -0.6 5.1 5.1
Manufactures [c] 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Fertiliser -29.5 -15.4 -16.8 -16.8 -16.7 -0.1 -0.1 -0.1
Fuel -6.3 12.4 -4.6 14.5 -1.6 -1.6 -1.0 -1.0

Production
Aggregate – -6.8 – -8.1 – 0.1 – 0.9
Cash crop -6.3 -21.7 -3.4 -19.5 -2.6 -2.5 -1.9 -1.6
Staple crop -1.6 -6.1 -1.1 -8.4 -0.8 1.3 0.6 0.4
Food processing 1.9 -4.8 -0.6 -7.1 -0.4 -1.8 3.4 4.5
Manufacturing -3.1 -7.2 -1.3 -7.8 0.2 -0.1 -2.3 0.4
Non-tradables 0.1 -5.5 0.9 -5.9 -0.1 -0.4 -0.6 0.6

Final consumption
Aggregate – -8.2 – -8.2 – -0.4 – 0.1
Far-Agricultural -10.5 -11.5 -9.0 -11.8 -0.5 0.1 -1.2 -0.3
Far-Non-agricult. -12.6 -14.8 -12.3 -15.5 0.0 0.4 -0.8 -0.4
Near-Agricultural -12.2 -12.7 -12.1 -14.7 0.6 1.1 -1.6 0.0
Near-Non-agricult. -13.4 -12.7 -13.0 -14.6 0.8 1.0 -2.3 0.1
Urban-Wage-earning -4.6 -4.4 -1.6 -4.8 -0.4 -0.5 -2.6 0.8
Urban-Capitalist -7.7 -8.4 -4.0 -6.9 -1.4 -1.2 -2.2 -0.5

Note: This table shows quantity (Q%) and value (V%) effects of joint and isolated price shocks
without policy mitigation. (1) Joint 20% price shock for fuel, fertiliser, and food; (2) Isolated 20%
fuel price shock; (3) Isolated 20% fertiliser price shock; (4) Isolated 20% food price shock. [a] Final
consumption. [b] Intermediates in food processing. [c] Capital formation. Consumption is adjusted
for household size (consumption per capita).
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CHAPTER 3

Predicting Household Food Insecurity From Readily
Available Data

Abstract Accurately identifying food insecure households is essential for effec-

tive targeting of policy interventions and humanitarian aid. However, food inse-

curity is a multi-dimensional phenomenon that is difficult to measure. Numerous

different indicators exist, all of which require expensive and time-consuming data

collection through household surveys. This paper addresses the challenge of mea-

suring food insecurity in two ways. First, I use detailed survey data that allows

to compare different food security indicators for the same set of households. This

analysis confirms previous findings in the literature that different food security

indicators are only weakly correlated and appear to capture largely independent

phenomena. Second, I draw on the same detailed household survey data and ad-

ditional publicly available data on weather, prices, and geography to train and test

machine learning models for the prediction of households’ food security status.

The models achieve overall accuracy of 54-65% at a true positive rate of 70%. This

approach provides a way to assess household food security without the need for

costly and time-consuming primary data collection.
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3.1 Introduction

Food insecurity remains an important issue in many regions of the world. The

number of people affected by hunger has been increasing again since 2014, partic-

ularly in Sub-Saharan Africa. This deterioration sped up and intensified in recent

years as a result of climate change effects, the COVID-19 pandemic, and Russia’s

invasion of Ukraine. These simultaneous adverse developments have shown that,

in addition to local armed conflict, other factors such as extreme weather events,

supply chain fragility, and excessive import dependence pose a threat to food secu-

rity in many low- and middle-income countries (Brown & Funk, 2008; Hakobyan

et al., 2022; Swinnen & McDermott, 2020; Verschuur et al., 2021).

Accurately identifying currently and future food insecure households is crucial

for effective targeting of humanitarian aid during acute local crises and long-term

policy interventions aimed at reducing chronic or recurring food insecurity. How-

ever, food security cannot be observed directly, and the various experience-based,

consumption-based, monetary, and biological indicators all capture different di-

mensions. Discordance between these indicators raises questions about their suit-

ability and reliability for both current assessments as well as for forecasting future

food security states. Further, the collection of primary data through household

surveys, necessary for constructing these indicators, can be expensive and time-

consuming.

This paper addresses the challenge of measuring food insecurity in two ways.

First, I use detailed survey data that allows to compute and compare different

food security indicators for the same set of households. The analysis confirms

previous findings in the literature that different food security indicators are only

weakly correlated and appear to capture largely independent phenomena (Vaitla

et al., 2017). Second, I draw on the same detailed household survey data and

additional publicly available data on weather, prices, and geography to predict

households’ current food security status. This methodology provides a way to

assess household food security without the need for costly and time-consuming

primary data collection.

Food security prediction can refer to two distinct tasks: (i) inferring current

food security using contemporaneous data (to improve targeting while obviating
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the need for primary data collection), or (ii) forecasting future food security states

(e.g. for famine early warning). Forecasting introduces additional complexities,

often requiring prediction of future driver states, such as future agricultural pro-

duction conditions and future market prices. This paper focuses on methods for

contemporaneous prediction to that can aid policymakers and humanitarian ac-

tors in rapid situation assessments when direct food security measurements are

unavailable. In that, the approach is similar in spirit to other studies that use ma-

chine learning methods to bridge data gaps in low-income countries for improved

policy targeting (Aiken et al., 2022; Blumenstock et al., 2015; Jean et al., 2016). This

paper relates closely to recent studies that employ machine learning models and

secondary data to predict the prevalence of food insecurity at various geographical

scales (Lentz et al., 2019; Martini et al., 2022; Zhou et al., 2021).

To facilitate prediction, I draw on two waves of data from the Living Standards

Measurement Study (LSMS) for Tanzania, and train machine learning models to

detect patterns in the data that imply a high probability of food insecurity. I fo-

cus on two different food security indicators: the Food Consumption Score (FCS)

is a consumption-based indicator that reflects dietary diversity, while the reduced

Coping Strategies Index (rCSI) is an experience-based measure of food security

that captures the cost of constrained access to food (Vaitla et al., 2017). I predict

households’ FCS and rCSI status from data that is publicly available or easily ac-

cessible, such as domestic and international food prices, climatic conditions, ge-

ographical variables, and basic indicators of household assets. Motivated by my

previous work on the role of domestic trade frictions for food consumption pat-

terns (Chapter 1) and spatially differentiated pass-through of price shocks (Chap-

ter 2), I also include predictors that reflect the remoteness of households’ locations.

These remoteness indicators, such as distance to the nearest major road and dis-

tance to the nearest agricultural market, capture households’ market access and

may mediate the effect of market price shocks or local production shocks on food

security outcomes. In addition to weather, prices, and geographic variables, pre-

vious research has highlighted the importance of including some household-level

information in order to achieve sufficient accuracy of predictions (Lentz et al., 2019;

Zhou et al., 2021). Following these previous studies, I include roof type and cell-
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phone ownership as straightforward asset indicators that can potentially be ac-

cessed without primary data collection, through remote sensing and through cell-

phone companies’ records. I also include basic household demographics (house-

hold size and household head characteristics) to check how much these can im-

prove prediction accuracy. The main models are specified without household de-

mographics, as analysis shows that such characteristics add little predictive power

and I prioritise ease of data access for predictors.

Since errors of exclusion (failing to detect food insecure households) can be

thought to weigh heavier than errors of inclusion, I set the recall rate to 70% across

all models and compare resulting accuracy levels.1 This implies that the models

correctly identify 7 out of 10 food insecure households, but such high recall comes

at the cost lower overall accuracy due to associated inclusion errors. At this recall

level, models predicting FCS achieve higher overall accuracy than models predict-

ing rCSI (65% vs. 54%). I compare two approaches to predicting whether house-

holds are food secure or insecure. First, I map FCS and rCSI values to food security

status using threshold values before prediction, and apply binary classification al-

gorithms. Second, I predict raw FSC and rCSI values using regression algorithms

first and only subsequently infer binary food security status using threshold val-

ues on the predicted values. For FCS, accuracy is slightly higher using the sec-

ond, more granular, approach (65% vs. 63%) while for rCSI both methods yield

equivalent accuracy (54%). Comparison of models with varying predictor sets re-

veals the importance of household assets for predictive performance. Household

demographics add very little to model performance for FCS, but appear slightly

more important for the prediction of rCSI. The remoteness indicators display only

limited predictive power, but given their ease of accessibility (compared to e.g.

household demographics) I still include them as predictors in the final model.

The remainder of this paper is structured as follows: Section 3.2 conceptualises

food security, explains the challenges involved with measurement and prediction,

and summarises recent advances in the literature. Section 3.3 presents different

1The performance of binary prediction models can be evaluated using out-of-sample accuracy, pre-
cision, and recall. Accuracy refers to the overall proportion of correctly classified households.
Precision measures the proportion of predicted insecure households that are truly insecure. Re-
call, conversely, measures the proportion of truly insecure households correctly identified as such
by the model.

119



types of food security indicators and details on the construction of the indicators

used in this study. Section 3.4 characterises food insecurity in Tanzania, comparing

different indicators, mapping food security over time and space, and assessing

correlations with potential predictors. Section 3.5 describes the machine learning

methods and presents prediction results. Section 3.6 concludes.

3.2 The challenge of predicting food insecurity

This paper links to a large body of literature on food security and famine (Bar-

rett, 2002; Ravallion, 1997; Sen, 1980, 1983). Previous work has highlighted the

complex multidimensionality of food security and the challenges this implies for

measurement. Food insecurity encompasses not only realised macro- or micronu-

trient deficiency but also risk and instability over time. As such, food security is

inherently unobservable and cannot be measured directly. Observable nutritional

phenomena such as hunger and malnutrition are sufficient but not necessary con-

ditions for food insecurity. The most widely adopted definition, produced at the

1996 World Food Summit in Rome, describes food security as a situation in which

“all people, at all times, have physical and economic access to sufficient, safe and

nutritious food to meet their dietary needs and food preferences for an active and

healthy life” (United Nations, 1996).

There has been considerable debate about the causes of food insecurity. In two

seminal works, Sen (1980, 1983) rejects the previously dominant food availability

approach2 and instead advocates for what he terms the entitlement approach. Sen

stresses that food availability decline (FAD) is neither necessary nor sufficient for

famine to occur. Instead, he views starvation as a result of entitlement failure –

namely, people losing command over sufficient amounts of food because of an

adverse shock to either their endowments or terms of trade. Sen’s entitlement

framework does not contradict, but rather nests, the FAD case in which famine is
2The food availability approach was initially a corollary of the Malthusian view that famines are
nature’s way of keeping population growth in check. A number of studies have since found this
view to be inadequate (Caldwell and Caldwell (1992), Fogel (1992), Watkins and Menken (1985) as
cited in Ravallion (1997)).
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caused by a negative shock to food supply in response to e.g. crop failure.3

In line with Sen’s argument that food security cannot be reduced to food avail-

ability, policy institutions nowadays assess food security along four dimensions

which, in addition to availability, include access, utilisation and stability (FAO, 2006).

The access dimension of food security corresponds closely to Sen’s concept of en-

titlements and encompasses both physical and economic access to food, as high-

lighted by the UN’s definition. Utilisation refers to all factors which jointly deter-

mine an individual’s nutritional status, such as clean water and sanitation, without

which an individual can still be left food insecure, even if food is available and ac-

cessible. The fourth dimension, stability, was added to stress that food security

implies stable access to food over time, not just in a given period.

A large body of literature discusses the challenge of reliably measuring food

security (Barrett, 2010; Vaitla et al., 2015). Proxy measures of food security span a

range of different dimensions, including biological indicators such as stunting and

wasting, consumption-based indicators such as measures of dietary diversity and

average caloric intake, experience-based indicators that reflect coping strategies

and psychological stress, and monetary indicators such as food price indices and

food expenditure shares. Due to the difficulties in measurement and the fact that

each of these indicators captures a slightly different dimension of food security,

there are usually significant discrepancies between food security figures generated

by different institutions. This is true even when food security is measured for the

same population, for the same time period, and at the same level of aggregation

(individual, household, community, country).

A few studies systematically examine the relationship between different food

security indicators (Manikas et al., 2023; Vaitla et al., 2015, 2017). Vaitla et al.

(2017) draw on 21 survey datasets from ten countries to conduct factor analysis

for four different food security indicators. They find that different indicators seem

to capture two quite separate food security phenomena. Of the four widely used

indicators included in their analysis, the two experience-based indicators (HHS

and rCSI) reflect a different dimension than the two consumption-based indicators

3Ravallion (1997) identifies the reliance on a functioning legal system as one of the main shortcom-
ings of Sen’s entitlement approach to famine. In fact, a number of scholars attribute the majority
of present-day famines to violent conflict, which oftentimes entails a collapse of the legal system
(De Waal, 2018; Maxwell, 2019).
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(HDDS and FCS). The authors conclude that these two separate dimensions may

reflect either food quantity vs. food quality (as hypothesised in earlier work by the

authors, Vaitla et al. (2015)), or a difference in the cost of access vs. realised access.

The latter interpretation implies that experienced-based indicators are sensitive to

stressed food access, such as reducing portion size or borrowing food, which may

not be reflected in consumption-based indicators that measure dietary diversity.

Vaitla et al. (2017) find strong discordance between the severity categories of dif-

ferent food security indicators. While one indicator may classify a household as

food secure, another indicator may classify the same household as severely food

insecure. Such discordance is even larger for forecasts of future food security states

than it is for figures that are based on past observational data.

While highly policy-relevant, forecasting of future food insecurity crises is more

challenging still than the measurement of current food security states. There are

a number of institutional forecasting initiatives, one of the most prominent being

the USAID-funded Famine Early Warning Systems Network (FEWS NET).4 Willen-

bockel and Robinson (2014) provide an overview of different CGE and PE models

that are used to forecast food security, often with a particular focus on agricultural

production and food availability rather than issues around distribution and access.

There are a number of models and analyses that focus on very long-run food inse-

curity and climate change, forecasting food insecurity at the country level in 2050

or even 2080. For example, building on the methodology for constructing a food

insecurity vulnerability index developed by Krishnamurthy et al. (2014), a joint

initiative by the Met Office and the World Food Program projects country-level

food insecurity under different climate change scenarios (MetOffice, 2015).

A relatively new but fast growing strand of academic literature has focused

on using machine learning techniques to forecast food security at a more granu-

lar spatial scale and for a shorter time horizon than CGE and PE models (Andrée

et al., 2020; Balashankar et al., 2023; Gholami et al., 2022). Other studies focus on

nowcasting rather than forecasting, i.e. predicting contemporaneous food secu-

rity from secondary data (Deléglise et al., 2022; Lentz et al., 2019; Martini et al.,

4Other institutional entities engaged in food security forecasting include the WFP’s Vulnerability
Assessment and Mapping Unit (VAM), the World Bank’s Famine Early Action Mechanism (FAM),
the Food Security Cluster (FSC) and Global Nutrition Cluster (GNC), and the Modelling Early Risk
Indicators to Anticipate Malnutrition (MERIAM) project. See Maxwell (2019) for a brief overview.
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2022; Villacis et al., 2023; Zhou et al., 2021). While most of these studies use a

combination of weather, geographic, price, and (remotely sensed) household asset

data for prediction, Balashankar et al. (2023) instead use news streams to forecast

food insecurity. Employing relatively simple linear prediction techniques, Lentz

et al. (2019) show that statistical methods can significantly improve on existing,

often scenario-based, institutional forecasting approaches which could be used to

inform humanitarian action and policy making. In a more recent study, the authors

show that random forest techniques, which are better suited to capture non-linear

relationships and complex interaction effects, can significantly improve on linear

models (Zhou et al., 2021).

In addition to contributing to the literature on measuring and predicting food

security, this paper also relates to the literature on the relationship between food

security and market integration (Burgess & Donaldson, 2012; Dithmer & Abdu-

lai, 2017; Gao & Lei, 2021; Janssens et al., 2020). The relationship between mar-

ket integration and food security in a given location is theoretically ambiguous.

Consider a hypothetical location which is nearly autarkic and in which agricul-

ture is primarily rain-fed. In such a setting, local real incomes, which are a cru-

cial determinant of food security, are highly sensitive to local productivity shocks

such as extreme weather events. As trade costs fall and a location’s openness to

trade increases, local prices become less responsive to local productivity shocks.

At the same time, local nominal incomes from agriculture become more responsive

to local productivity shocks, since trade openness reduces the scope for offsetting

price movements. The effect of local productivity shocks on real incomes, which

determine food consumption, is thus theoretically ambiguous. There exists little

quantitative empirical research on the role of market integration for the incidence

of acute food insecurity. A notable exception is a study by Burgess and Donald-

son (2012), who empirically investigate whether improvements in transportation

infrastructure have an effect on the responsiveness of real incomes to local pro-

ductivity shocks. They find that in colonial India, where agriculture was primarily

rain-fed and famines were frequent and widespread, railroads reduced real income

volatility and thus the incidence of famine. To account for this relationship, I in-

clude different variables on households’ remoteness in the predictor set to proxy

123



for market integration.

3.3 Measuring food insecurity

Food security is a multidimensional phenomenon that can be difficult to measure

accurately and comprehensively. There exists no single indicator that is suitable

for all contexts and purposes. No single indicator has sufficient validity, reliability,

and comparability across time and space to reflect all four dimensions of food inse-

curity including availability, access, utilisation, and stability (Maxwell et al., 2013).

A multitude of different indicators are used to summarise food security at the level

of individuals, households, communities, and countries (Barrett, 2010). The most

widely used indicators are experience-based, consumption-based, or monetary in-

dicators which capture economic access to food. In addition, biological measures

(anthropometric and medical) are used to measure longer term under- and malnu-

trition. All available indicators have different strengths and shortcomings. For

instance, caloric intake, a widely used measure of current access to food, does

not reflect nutritional quality, coping strategies employed to realise the observed

level of consumption, or stability of food intake over time. Experience-based mea-

sures, on the other hand, can be context-specific and pick up a more subjective

aspect of food security. Monetary indicators, such as food prices and expenditure

shares, are only indirect measures of food security and do not constitute direct

goals for policy-makers and international humanitarian organisations. In addi-

tion to measuring somewhat different aspects of food security, different indicators

also vary widely in terms of the cost of data collection. Experience-based indi-

cators, which can be constructed from a questionnaire that can be administered

remotely, are more cost-effective than detailed nutritional indicators or anthropo-

metric measures. The remainder of this section first discusses different types of

indicators which measure food security at the level of the household, and sub-

sequently presents distributions and correlations for selected indicators using the

Tanzanian LSMS dataset.
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3.3.1 Experience-based measures

Experience-based measures reflect households’ self-reported experience of food

security. Examples of this type of measure are the (reduced) Coping Strategy In-

dex (rCSI), the Household Food Insecurity Access Scale (HFIAS), the Food Insecu-

rity Experience Scale (FIES), and the Household Hunger Scale (HHS), which are

widely used by international organisations such as USAID, FAO, and WFP. The

constituent items of these indicators include psychological questions, such as feel-

ing worried about having enough food, self-reported consumption behavior, and

coping strategies that are indicative of stresses around food security which may

not be picked up by consumption-based measures. The resulting overall indica-

tors summarise the frequency of occurrence of each strategy employed and each

situation experienced, weighted by their respective severity.

The food security questionnaire in the World Bank’s LSMS data includes a set

of experiential and behavioral questions that allow to compute experience-based

measures of food security. The reduced Coping Strategies Index (rCSI) can be cal-

culated straightforwardly from the LSMS data, as all rCSI items are covered in the

food security questionnaire, and the LSMS recall period of seven days is identical

to the rCSI’s standard recall period.5

Reduced Coping Strategies Index (rCSI)

The reduced CSI draws on a subset of five questions about coping strategies that

the household employed in the last seven days. The questions record the frequency

of occurrence of each of the coping strategies, which are subsequently weighted

to account for differential severity, and then summed to yield the overall score.

The score ranges from zero (no coping strategies used in the last seven days) to

56 (all five coping strategies used every day in the last seven days, adjusted for

severity). A higher value indicates more reliance on coping strategies and thus

lower food security. The five coping strategies and associated severity weights

used to construct the rCSI are presented below.

5Note that, while the LSMS food security questionnaire does include additional questions beyond
those required to derive the rCSI, the other widely used experience-based indicators cannot prop-
erly be calculated, since (a) the LSMS does not include the full set of constituent question and/or
(b) the recall period is too short.

125



In the previous seven days, if there have been times when you did not have enough
food or money to buy food, how often has your household had to ...?

Coping Strategy Weight

1. Rely on less preferred and less expensive foods [ 1 ]
2. Borrow food or rely on help from friends or relatives [ 2 ]
3. Limit portion size at mealtime [ 1 ]
4. Restrict consumption by adults in order for small children to eat [ 3 ]
5. Reduce the number of meals eaten in a day [ 1 ]

3.3.2 Consumption-based measures

Consumption-based measures of food security draw on consumption question-

naires, which record the quantity and frequency of consumption. There are two

broad sub-categories. One set of indicators focuses on dietary diversity, reflecting

the number of food groups (sometimes weighted by nutritional density) consumed

over a specified number of days. The widely used Food Consumption Score (FCS)

and Household Dietary Diversity Score (HDDS) fall in this sub-category. Another

set of indicators focuses on the quantity consumed, measuring either total energy

consumption or consumption of specific macro- or micro-nutrients. In this study,

I calculate two consumption-based measures, one from each sub-category, using

the LSMS food consumption questionnaire.

Food Consumption Score (FCS)

The Food Consumption Score (FCS), which was developed by the World Food Pro-

gramme and continues to be used in their Vulnerability Assessment and Mapping

(VAM) unit, is a measure of dietary diversity. In addition to capturing diversity, the

FCS also reflects the quantity dimension of food security and has been shown to

correlate closely with measures of energy sufficiency (Maxwell et al., 2013). To con-

struct the score, food items are first classified into eight specified food groups and

the frequency of consumption in the last seven days is recorded for each group.

Raw frequencies of consumption are weighted to reflect differential nutritional

density of different food groups, and the weighted frequencies are summed to

yield the overall FCS. The score ranges from 0 (no food group was consumed in

the last seven days) to 112 (every food group was consumed every day in the last
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seven days). Higher FCS values indicate greater food security. An overview of the

food groups and associated weights is presented below.

Food group Weight Food group Weight
Main staples 2 Meat/Fish 4
Pulses 3 Milk 4
Fruit 1 Oil 0.5
Vegetables 1 Sugar 0.5

Average daily caloric intake per capita

Again drawing on the LSMS food consumption questionnaire, I calculate house-

hold average dietary energy consumption, i.e. caloric intake per capita per day. To

arrive at this indicator, I use information on the average energy density of different

food items (using a food composition table provided by the Food and Agriculture

Organization), and adjust households’ average daily caloric intake for household

size measured in adult equivalents.

3.3.3 Monetary measures

Monetary measures of food security, which include expenditure shares and price

indices, can signal stressed food availability and access. In addition, food price

volatility can be used as an indicator for the stability dimension of food security,

flagging seasonal patterns or recurring issues. In this study, I focus on households’

food expenditure share as a monetary measure of food security.

Food expenditure share

The share of total expenditure that is allocated to food is a useful indicator of eco-

nomic access to food. Since food consumption is highly inelastic, households tend

to reduce other expenditure to sustain a given level of food consumption when

food prices rise. As Engel (1857) noted, food expenditure shares tend to fall as in-

comes rise. Food expenditure shares can be indicative of both quantity and quality

of the food consumed. When food prices rise, poor households who are already

spending a large share of income on food and are unable to reduce other expen-

diture may be unable to sustain food consumption and instead would substitute
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to lower quantity or quality of food. If income is unchanged, then an unrespon-

sive food expenditure share in the face of rising prices signals reduced quantity

or quality of food. For net producers, the relationship is different, as rising food

prices may increase income from sales.

From the LSMS consumption and expenditure questionnaires, I calculate the

food expenditure share by: (1) calculating weekly average expenditure on durables

(recall for durables expenditure is 12 months), (2) calculating weekly average ex-

penditure on consumables (recall for consumables expenditure is 30 days), (3) cal-

culating weekly average expenditure on food, using median cluster prices to infer

the value of food that was not purchased, such as food from own production or

from gifts and donations.

3.4 Characterising food insecurity in Tanzania

To lay the groundwork for the machine learning prediction in Section 3.5, this

section characterises food security in Tanzania using two waves of LSMS data:

the 2010/11 wave, which functions as the training dataset in prediction, and the

2012/13 wave, which is used for out-of-sample testing. I first assess correlations

between the four different food security indicators described in detail in Section

3.3: the reduced Coping Strategies Index (rCSI), the Food Consumption Score

(FCS), caloric intake (kcal pc pd), and the household’s food expenditure share. I

subsequently focus on two of the four indicators (rCSI and FCS) for the remainder

of the paper, as they allow to classify households’ food security status according to

pre-defined categorical bounds, which facilitates the use of classification models

in addition to regression models. In order to document the variation that exists

in the prediction target, I map rCSI and FCS over time and across space. The final

part of this section focuses on assessing the relationship between food security and

potential predictors, before presenting prediction results in Section 3.5.

3.4.1 Comparing different food security indicators

Correlations between various different food security indicators are weak. Fig-

ure 3.1 shows a correlation matrix of the four food security indicators discussed

in more detail above, namely rCSI (experience-based), FCS and caloric intake
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(consumption-based), and food expenditure share (monetary). The correlation

matrix shows pairwise relationships between these indicators for a subsample of

households that experienced at least some food insecurity as measured by the rCSI,

i.e. households that have an rCSI score greater than zero. Pairwise correlation co-

efficients are generally low, ranging from 0.04 (rCSI and food expenditure share)

to 0.28 (FCS and caloric intake). The distribution of rCSI scores is highly skewed

and the relationship with other indicators appears extremely noisy at lower levels

of coping (lower rCSI scores). The correlation is strongest between FCS and caloric

intake as both of these indicators are consumption-based, and so essentially mea-

sure a very similar dimension of food security. Previous research has shown the

FCS to be closely linked with overall energy supply (Leroy et al., 2015). Negative

correlation coefficients are to be expected, as for some indicators higher values

imply higher food security (FCS, caloric intake), while for other indicators lower

values imply higher food security (rCSI, food expenditure share).

These weak correlations between food security indicators, particularly between

indicators from different categories (e.g. experience-based vs. consumption-

based), confirms previous findings in the literature (Maxwell et al., 2013; Vaitla

et al., 2015, 2017). Vaitla et al. (2017) study the relationship between different

indicators using data from 21 survey datasets and 10 countries. They find that

concordance, the degree to which indicators agree on a household’s food security

status and assign it the same food security status, is extremely low. Factor analysis

reveals that the different types of indicators capture two different dimensions of

food security, which appear to be only weakly correlated. While factor analysis

does not directly suggest a theoretical interpretation of the different dimensions,

the authors hypothesise that rCSI and HHS, which are experience-based, measure

the cost of access to food, while FCS and HDDS, which are consumption-based,

measure realised food consumption. The argument is that experience-based in-

dicators capture behavioural differences in coping strategies that are not neces-

sarily picked up by consumption-based measures. For example, if a household

reduces portion size or borrows food from neighbors, this will be picked up by

the experience-based measures, while consumption-based measures of realised di-

etary diversity will not reflect this household’s stresses around food access. In the
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Figure 3.1: Correlation between different measures of food security
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Note: This figure shows the pairwise relationships between different food security indicators. Scat-
terplots are 2d bin scatters, where red indicates the highest density of data. Subplots on the diag-
onal are histograms of the four indicators. The data shown is a pooled subsample of the 2010/11
and 2012/13 waves of LSMS data for Tanzania. This subsample of 2,935 households (1,429 from
2010/11 and 1,506 from 2012/13) includes only households with an rCSI 0. In addition, I remove
households that report kcal pc pd = 0, food expenditure share = 0, and the top 2% of kcal pc pd
(p(98) = 5,889 kcal), to exclude extremely low and high values of food consumption which likely
reflect measurement error and which would distort the figure.

prediction exercise in this paper, I take rCSI and FCS as representatives of the two

different dimensions identified by Vaitla et al. (2017), and compare how well these

two indicators can be predicted from observable features such as location, weather,

prices, and household assets and demographics.
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3.4.2 Mapping food security over time and across space

Figure 3.2: Monthly average of rCSI and FCS scores
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Note: This figure shows monthly average household rCSI and FCS scores. Higher rCSI implies
lower food security; higher FCS implies higher food security. The data are a subsample of house-
holds from the 2010/11 (wave 2) and 2012/13 (wave 3) LSMS data for Tanzania where observations
are excluded due to missing values or extreme outliers in caloric intake; subsample shown here in-
cludes 3,365 households in wave 2 and 4,377 households in wave 3.

Figures 3.2 and 3.3 in this section illustrate the substantial variation in food

security that exists across time and space. Average monthly food security values

vary over the course of a year, in line with harvest and lean seasons (see the sea-

sonal calendar in Figure 3.14 in Appendix 3.D for details). Changes in monthly

averages of rCSI and FCS move largely in opposite directions, since an improve-

ment in food security is reflected by a deline in rCSI but an increase in FCS. The

second half of the year, roughly from May or June onwards, registers lower rCSI

and higher FCS, reflective of improved food security during harvest season. This

effect is particularly visible in the 2012/13 wave of LSMS data. These seasonal pat-

terns suggest that the inclusion of month fixed effects may improve the prediction

of food security substantially.
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Figure 3.3: Regional average of rCSI and FCS scores
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Note: This figure shows average household rCSI and FCS scores by region. Darker colors indicate
lower food security; higher rCSI implies lower food security; higher FCS implies higher food se-
curity. The data are a subsample of households from the 2010/11 (wave 2) and 2012/13 (wave 3)
LSMS data for Tanzania where observations are excluded due to missing values or extreme outliers
in caloric intake; subsample shown here includes 3,365 households in wave 2 and 4,377 households
in wave 3.

While there is significant within-location variation in food security, average

food security also varies strongly across regions. Figure 3.3 maps average rCSI

and FCS values by region for both of the two waves of LSMS data used in this

study. Across maps, darker colors indicate lower food security. There is some

limited agreement between the two indicators about relative differences between

regions. Mtwara in the southeast has the highest average rCSI value in both the

2010/11 as well as the 2012/13 wave. Mtwara’s average FCS scores are also among

the lowest ones, but the difference to other regions is not as striking as in the rCSI

map. While the two indicators agree that Singida in the center, Kilimanjaro and
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Tanga on the northeastern coast, and Ruvuma in the south are relatively food se-

cure on average, there are some striking discrepancies, too. An example of such a

discrepancy is Shinyanga in the north, which appears food secure in the rCSI map,

but relatively food insecure in the FCS map. Another striking feature of these maps

is the limited spatial correlation between bordering regions’ average food security

values. The difference is particularly stark between Mtwara, which has low av-

erage food security, and bordering Ruvuma, which has substantially higher food

security, in the south of Tanzania.

Figure 3.4: Average rCSI and FCS by type of region
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Note: This figure shows average household rCSI and FCS scores by type of region and LSMS wave.
Higher rCSI implies lower food security; higher FCS implies higher food security. The data are a
subsample of households from the 2010/11 (wave 2) and 2012/13 (wave 3) LSMS data for Tanzania
where observations are excluded due to missing values or extreme outliers in caloric intake; sub-
sample shown here includes 3,365 households in wave 2 and 4,377 households in wave 3.

In addition to distinguishing locations by administrative region, I classify

household locations by degree of remoteness. Previous literature has shown that

trade openness can have a strong effect on food security by changing the degree to

which local crop production determines food availability (Burgess & Donaldson,
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2012; Janssens et al., 2020). To account for this effect in the prediction of food secu-

rity, I incorporate remoteness as a measure of households’ market access and trade

openness. The LSMS data includes household coordinates at the cluster level6,

which I combine with the Global Human Settlement Layer’s Degree of Urbanisa-

tion (DoU) raster data to arrive at a three-class categorisation of locations. I map

the DoU’s eleven categories into three region types; an urban region, an adjacent

rural region which I call ’near’, and a remote rural region which I call ’far’. For

details on the construction of region types see Appendix 1.B.3. Urban households

tend to have higher average food security than households in either of the rural

region types. Average FCS values are consistently lower and less volatile in the

remote ’far’ rural region than in the urban region.

3.4.3 Assessing correlations with potential predictors

Figure 3.5 shows pairwise correlations between rCSI and FCS and potential predic-

tors. At first glance, these potential predictors appear to be more strongly corre-

lated with FCS than with rCSI. FCS and rCSI tend to have opposite signs on these

correlation coefficients, as higher rCSI indicates lower food security, while higher

FCS indicates higher food security. The columns refer to different subsamples of

the data, pooled across region types, or differentiated by the degree of remoteness

of the households’ location. In the pooled sample, household location correlates

with both rCSI and FCS. For FCS in particular, households in far (remote) rural

locations have lower food security scores than households in urban locations, with

households in near (adjacent) rural locations being an intermediate case.

Somewhat surprisingly, the rainfall measure does not correlate strongly with

the food security indicators. In the near rural region, the direction of the correla-

tion is as expected, with higher rainfall improving households’ food security sta-

6Coordinates are randomly perturbed for respondents’ privacy. The data documentation states that
“the coordinate modification strategy relies on random offset of cluster centerpoint coordinates
(or average of household GPS locations by EA in TZNPS2) within a specified range determined
by an urban/rural classification. For urban areas a range of 0-2 km is used. In rural areas, where
communities are more dispersed and risk of disclosure may be higher, a range of 0-5 km offset is
used. An additional 0-10 km offset for 1% of rural clusters effectively increases the known range
for all rural points to 10 km while introducing only a small amount of noise. Offset points are
constrained at the district level, so that they still fall within the correct district for spatial joins, or
point-in-polygon overlays” (Tanzania - National Panel Survey 2010-2011, Wave 2 documentation,
p.9).
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Figure 3.5: Correlations between food security indicators and potential predictors
rcsi rcsi rcsi rcsi fcs fcs fcs fcs

rCSI FCS
All Far Near Urban All Far Near Urban

region_farLocation Far rural region 0.01 -0.18
region_near Near rural region 0.03 -0.01
region_urban Urban region -0.03 0.21
chirpsRainfall CHIRPS (12 months) 0.01 0.02 -0.06 0.05 0.00 0.02 0.06 -0.06
price_maizeDomestic prices Maize price 0.01 0.01 0.04 -0.02 0.11 0.07 0.10 0.13
price_rice Rice price 0.02 0.03 0.02 0.00 0.05 0.01 0.05 0.07
fao_foodpriceindexGlobal prices FAO Food Price Index 0.04 0.05 0.02 0.04 -0.07 -0.08 -0.08 -0.05
fao_cereals FAO Cereals Price Index 0.07 0.10 0.01 0.06 -0.05 -0.08 -0.04 0.00
fao_dairy FAO Dairy Price Index -0.07 -0.10 0.02 -0.09 0.04 0.07 -0.04 0.03
fao_meat FAO Meat Price Index -0.03 -0.04 0.01 -0.04 0.03 0.01 -0.01 0.07
fao_oils FAO Oils Price Index 0.05 0.06 0.01 0.05 -0.08 -0.08 -0.07 -0.09
fao_sugar FAO Sugar Price Index 0.04 0.04 0.00 0.04 -0.07 -0.07 -0.03 -0.09
natural_roofAssets Natural roof 0.10 0.09 0.15 0.09 -0.26 -0.23 -0.24 -0.10
cellphones Number of cellphones -0.14 -0.14 -0.19 -0.12 0.38 0.36 0.40 0.29
hh_head_schoolDemographics Education of HH head -0.08 -0.07 -0.05 -0.09 0.10 0.07 0.05 0.04
hh_head_age Age of HH head 0.11 0.10 0.11 0.11 -0.05 -0.04 -0.03 0.02
hh_head_female Female HH head 0.11 0.10 0.14 0.10 -0.10 -0.07 -0.15 -0.14
hh_size Size of HH (adult equiv.) 0.02 -0.01 -0.04 0.10 0.14 0.14 0.23 0.17
hh_adults Number of adults -0.01 -0.03 -0.07 0.06 0.16 0.14 0.22 0.16
hh_children Number of children 0.06 0.03 0.02 0.14 0.06 0.08 0.14 0.10

rcsi higher = less food secure
fcs higher = more food secure
kcal higher = more food secure
expenditure higher = less food secure

Note: This table shows pairwise correlation coefficients for two food security indicators (rCSI and
FCS) and potential predictors at the household level in a subsample of households from the 2010/11
(wave 2) and 2012/13 (wave 3) LSMS data for Tanzania. Some observations are excluded due to
missing values (or extreme outliers in caloric intake); the subsample shown here includes 3,365
households in wave 2 and 4,377 households in wave 3. Higher rCSI indicates lower food secu-
rity. Higher FCS indicates higher food security. Columns refer to different subsamples of the data,
pooled across location types, or differentiated by the degree of remoteness of the households’ loca-
tion.

tus. In the urban region, higher rainfall is associated with a deterioration in food

security, and in the far rural region, the correlation is near zero. Pairwise correla-

tions with different measures of domestic and international food prices are broadly

as expected, such that higher food prices are associated with lower food security

outcomes. Exceptions to this pattern are the correlations between domestic prices

of maize and rice and the FCS indicator, where positive correlations imply that

higher prices are associated with higher food security, and the FAO dairy and meat

price indices, where higher price levels are associated with higher food security as

measured by both rCSI and FCS.

Household assets and demographics exhibit the strongest relationships with

both food security indicators. This is intuitive, as these are the most granular mea-

sures and can differentiate adjacent households that have different food security
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levels but are exposed to the same weather, prices, and market access. House-

holds whose dwelling’s roof is constructed of natural materials such as bamboo,

leaves or mud have lower food security than households whose roof is constructed

of non-natural materials such as metal sheets. The number of cellphones owned

by the household is particularly strongly associated with both rCSI and FCS, as

this appears to be an informative measure of household assets. Household head

characteristics also correlate relatively strongly with both food security indicators.

The household head’s education level is positively associated with food security,

while age and female gender are associated with lower food security outcomes.

Household size is positively correlated with FCS across all subsamples, whereas

correlations with rCSI are more mixed. Larger household size is associated with

higher food security in rural locations, but lower food security in urban locations,

as measured by the rCSI score.

3.5 Predicting food insecurity

This section focuses on predicting the Food Consumption Score (FCS) and the re-

duced Coping Strategies Index (rCSI) as indicators of household food security.

These indicators offer advantages over alternatives like caloric intake or food ex-

penditure share because rCSI and FCS have pre-defined categorical thresholds for

classifying households as either food secure or insecure. These thresholds allow

training not only regression models for predicting raw scores but also classifica-

tion models to predict binary food security status.

I employ a tree-based ensemble method (eXtreme Gradient Boosting) for both

classification and regression. LSMS wave 2 (2010/11) data is used for training and

LSMS wave 3 (2012/13) data is used for out-of-sample testing. While I do not

aim to forecast future food security states, the temporal separation between train-

ing and testing data allows to assess whether model coefficients are sufficiently

stable over time, such that the method could reliably be applied to predict con-

temporaneous food insecurity in future periods. To prevent overfitting, 10-fold

cross-validation is applied to the training set. Grid search hyperparameter tuning

optimises model performance by setting an appropriate minimum node size and

the number of trees. Since class sizes are unbalanced and rCSI and FCS distribu-
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tions are skewed, fold construction for cross-validation is stratified by rCSI (FCS)

deciles to ensure each fold covers the full distribution.

The analysis reveals two key findings: First, FCS prediction yields higher ac-

curacy than rCSI prediction. From a policy-maker’s perspective, it may be par-

ticularly desirable to minimise errors of exclusion such that most food insecure

households are correctly detected as such. I fix the proportion of correctly identi-

fied food insecure households to 70%, and compare overall prediction accuracy for

the two scores. Detecting 70% of food insecure households based on FCS results in

fewer inclusion errors compared to rCSI.

Second, predictor relevance differs between the two indicators. Time, region,

market prices, and climatic conditions are used as predictors, alongside variables

reflecting remoteness and market access, selected household assets (cellphones

owned, roof type), and basic household demographics. Household assets hold

significant predictive value for both FCS and rCSI. Demographics, on the other

hand, offer no benefit for FCS prediction but appear slightly more important for

rCSI. Remoteness indicators have low predictive power but are cheaper to collect

than demographics and assets. Hence, they are included in the main predictor set

despite their relatively low relevance.

3.5.1 Defining the prediction target

While pre-defined thresholds for rCSI and FCS exist, some discretion has to be

used in fixing exact values. I follow Maxwell et al. (2014) in using rCSI categori-

cal bounds of 0 to 4 to indicate food secure status, 5 to 10 to indicate moderately

food insecure status, and greater than 11 to indicate severely food insecure status.

For the FCS, I follow WFP’s guidance on setting thresholds: Scores greater than

or equal to 42 indicate acceptable food security status, scores between 28 and 42

indicate borderline food security status, and scores less than or equal to 28 indicate

poor food security status.7 The choice of threshold matters crucially for the extent

of class imbalance present in the sample. Since the thresholds cut right through

7As noted in Vaitla et al. (2017), WFP uses lower FCS thresholds of 21 and 35 in settings where
oil and sugar are not consumed daily. In the Tanzanian sample, however, 83% of households
consume oil daily and 78% consume sugar daily, which suggests that using the higher cut-off
values is appropriate in this setting.
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the ‘thick’ part of the distribution, even marginal shifts in the thresholds yield

substantial shifts in class sizes. Figure 3.6 illustrates the relationship between the

choice of categorical bounds for rCSI and FCS and the share of the population that

is classified as food insecure as a result.

Figure 3.6: Categorical bounds for rCSI and FCS and the prevalence of food
insecurity
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Note: This figure shows the effect of the categorical bounds (cutoff values) on the share of house-
holds defined as food insecure in a pooled dataset of Tanzanian LSMS data for wave 2 (2010/11)
and wave 3 (2012/13). For rCSI, a higher value indicates lower food security; choosing a higher
value for the threshold thus decreases the share of households defined as food insecure. For FCS,
a higher value indicates higher food security; choosing a higher threshold thus increases the share
of households defined as food insecure. The vertical green line (at rCSI = 5 and FCS = 42) indicates
moderate food insecurity. The vertical blue line (at rCSI = 11 and FCS = 28) indicates severe food
insecurity. Horizontal lines mark the corresponding share of households in each category.

Using the thresholds described above yields a three-step categorisation for both

indicators, i.e. ‘food secure’, ‘moderately food insecure’, and ‘severely food inse-

cure’ for the rCSI, and ‘acceptable’, ‘borderline’, and ‘poor’ for the FCS. While the

number of observations in each of the three classes is similar for rCSI and FCS, the

cross-tabulation presented in Figure 3.7 shows substantial discordance between

the two indicators. This is not surprising, given the low correlation in raw scores

shown in Figure 3.1 above and previous findings in the literature on low concor-

dance between rCSI and FCS (Vaitla et al., 2017). However, low concordance does

raise the question whether both indicators can be predicted from the same set of

predictors, and whether prediction accuracy is higher for one indicator than the

other. The cross-tabulation also highlights that class sizes are imbalanced. Since
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(severe) food insecurity is luckily relatively rare in Tanzania, the ‘(severe) food in-

secure’ class is substantially smaller than the ‘food secure’ class. Class imbalance

makes it more difficult for the model to learn to identify the minority class, i.e.

food insecure households.8 I group moderately and severely food insecure house-

holds into one class, which I label ‘food insecure’. The two resulting classes (‘se-

cure’/‘insecure’) serve as the prediction targets for the binary classification models,

and as a way to assess model performance in the prediction of raw FCS and rCSI

values.

Figure 3.7: Cross-tabulation of rCSI and FCS categories

Note: This figure shows a cross-tabulation of households’ rCSI and FCS categories for a pooled
dataset of Tanzanian LSMS data for wave 2 (2010/11) and wave 3 (2012/13). Categorical bounds
on the rCSI and FCS scores follow Vaitla et al. (2017); rCSI cut-offs are [0-4] food secure; [5-10]
moderately food insecure; >11 severely food insecure; FCS cut-offs are ≥42 acceptable; (28-42)
borderline; ≤28 poor.

3.5.2 Choosing the set of predictors

The set of variables that are chosen as predictors can have strong effects on predic-

tion accuracy. More granular data, for example on household assets, tends to im-

prove prediction accuracy but typically implies higher data collection costs (Lentz

et al., 2019). While seasonal patterns, food prices, market access, and agricul-

tural production conditions have some predictive power, there remains substan-

tial within-location variation in food security at any given point in time. This re-

maining within-location variation in food security outcomes can only be explained

by household-level characteristics, such as demographics and assets. Household-

level variables typically require costly and time-consuming data collection through

8Possible ways to address this could be oversampling techniques, which can alleviate the issues
of class imbalance and skewness, or cost-sensitive learning techniques, which introduce a penalty
for mis-classifying the minority class.
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surveys. The analysis in this section shows that the inclusion of household asset in-

dicators is crucial for model performance, whereas household demographics add

little predictive power. Consequently, the main models include two basic indica-

tors of household assets, which could conceivably be estimated without the need

for primary data collection, but no other household characteristics.

I evaluate the relevance of different predictors by comparing model perfor-

mance with and without them as part of the predictor set (Figure 3.8). For sim-

plicity, I focus here on the binary classification of food security status (‘secure’ or

‘insecure’) rather than the prediction of raw FCS and rCSI values. In binary classi-

fication, the Area Under the ROC Curve (AUC) serves as a key indicator of model

performance. The ROC curve plots the True Positive Rate (TPR) and False Positive

Rate (FPR) at different class probability cutoffs.9 Curves that lie further to the top

left and have a higher AUC value represent better model performance.10

Predictive performance of the binary classification models for both FCS and

rCSI food security status is highest when the full set of predictors is used. The

full set includes (i) time and region indicators, (ii) publicly available data on food

prices and climatic conditions, (iii) remoteness indicators that can be derived from

households’ geo-coordinates, (iv) basic indicators of household assets, and (v)

household demographics. Time and region fixed effects include dummy variables

for each month of the year and each of the 26 administrative regions in Tanzania.

The second category, publicly available data on food prices and climatic condi-

tions, includes maize and rice prices in the nearest of the 20 major markets mon-

itored by WFP, FAO global food price indices (both overall and for the five con-

stituent food groups), and total rainfall at a household’s location in the past 12

9Based on the patterns observed in the training data, the binary classifier attaches class probabil-
ities to each household in the test dataset. By choosing a probability cutoff, these probabilities
can be mapped to one of the two possible outcomes, classifying each household as either ‘food
secure’ or ‘food insecure’. Different cutoffs result in varying levels of error, yielding the different
combinations of True Positive Rate and False Positive Rate that constitute the ROC curve.

10If the classification worked perfectly, all truly food insecure households would be classified as
such, while no food secure households would mistakenly be classified as being food insecure,
yielding a True Positive Rate of one and a False Positive Rate of zero (the top left corner in ROC
plots). The 45-degree line in ROC plots indicates the performance of a hypothetical classifier that
assigns outcomes at random. An ROC curve that lies above this line has higher performance
than random assignment. Since different ROC curves might cross, which would complicate se-
lecting the ‘highest’ one, the Area Under the Curve (AUC) is commonly used as an indicator that
summarises overall model performance.
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Figure 3.8: Performance of binary classification model using different predictor
sets
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Note: This figure shows ROC curves and corresponding AUC values for binary classification mod-
els that use different sets of predictors. Panel (a) shows performance of models predicting binary
food security status according to FCS. Panel (b) shows performance of models predicting binary
food security status according to rCSI. All models use the same algorithm (Gradient Boosted Deci-
sion Trees (GBDT)) and training data (LSMS wave 2 2010/11), and performance is always evaluated
on the same test dataset (LSMS wave 3 2012/13).

months (as reported by CHIRPS). In addition, I include different variables that

indicate the degree of remoteness of a household’s location. These remoteness

variables include a household’s Degree of Urbanisation category (ranging from

‘very low density rural’ to ‘urban centre’) and distance to the nearest agricultural

market and nearest major road. The fourth category of predictors includes two

variables that reflect household assets: the number of cellphones owned and a

dummy variable indicating the type of roof of the household’s dwelling (whether

it is made of natural materials such as leaves and bamboo or non-natural materials

such as metal sheets). In this study, both asset variables are taken from the LSMS

household survey, but they could conceivably be remotely sensed or provided by

cellular companies, rather than collected through a survey (Lentz et al., 2019). The

final category of predictors subsumes basic demographic variables: household size

(measured in adult equivalents) and composition (the number of adults and num-

ber of children), and household head characteristics including age, gender, and a

dummy variable to indicate completion of primary education.
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The relevance of different predictors varies depending on the specific predic-

tion target, i.e. the food insecurity indicator that is predicted. Variables that reflect

household assets are strongly predictive of both FCS and rCSI status (see ‘w/o

HH demo. and assets’ ROC curves in panels (a) and (b) of Figure 3.8). Excluding

household demographics and remoteness indicators, on the other hand, has little

to no effect on the predictive performance for FCS status, and only a small effect on

the predictive performance for rCSI status. I choose the predictor set that excludes

household demographics, but retains household assets and remoteness variables

(the ‘w/o HH demographics’ ROC curve) for the models in the remainder of this

section, as this predictor set strikes a balance between predictive performance and

data collection costs.

3.5.3 Prediction of binary FCS and rCSI status

This section presents results of the prediction of binary household food security

status. From observed FCS and rCSI values, households’ true food security status

can be determined in both waves of LSMS data, such that the ‘ground truth’ is

known both in-sample (in the 2010/11 training dataset) and out-of-sample (in the

2012/13 test dataset). I use the cutoff values described in Section 3.5.1 to categorise

households’ status as secure or insecure based on the values of FCS and rCSI. Since

concordance between FCS and rCSI is relatively low (see cross-tabulation in Figure

3.7), I predict FCS status and rCSI status separately.

I use a tree-based ensemble method – eXtreme Gradient Boosting (XGBoost)

– for prediction, as this typically achieves better results than linear models such

as logistical regression (Martini et al., 2022; Zhou et al., 2021). I employ the full

predictor set, excluding household demographics, as described in Section 3.5.2.

To prevent overfitting, I implement 10-fold cross-validation, with stratification on

deciles of FCS and rCSI, respectively, to ensure all folds encompass the entire dis-

tribution of the prediction target. The model assigns a probability score to each

household, reflecting the predicted likelihood of food insecurity. By setting a spe-

cific threshold for the predicted likelihood of food insecurity, households can be

categorised as either ‘secure’ or ‘insecure’. Since households’ true food security
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Figure 3.9: Prediction of binary FCS and rCSI status

(a) FCS

0

100

200

300

400

0.0 0.2 0.4 0.6 0.8
Predicted probability 'food insecure'

C
ou

nt

True Food Security Status

Secure (n = 3378)

Insecure (n = 999)

(b) rCSI

0

100

200

300

400

0.0 0.2 0.4 0.6 0.8
Predicted probability 'food insecure'

C
ou

nt

True Food Security Status

Secure (n = 3382)

Insecure (n = 995)

0

100

200

300

400

0.0 0.2 0.4 0.6 0.8
Predicted probability 'food insecure'

C
ou

nt

Correct Exclusions (n = 2047)

Exclusion Errors (n = 299)

Inclusion Errors (n = 1331)

Correct Inclusions (n = 700)

0

100

200

300

400

0.0 0.2 0.4 0.6 0.8
Predicted probability 'food insecure'

C
ou

nt

Correct Exclusions (n = 1675)

Exclusion Errors (n = 295)

Inclusion Errors (n = 1707)

Correct Inclusions (n = 700)

Note: This figure plots predicted probability of food insecurity by true food security status for
households in the test dataset (LSMS wave 3, 2012/13). Panels on the left show results for FCS;
Panels on the right show results for rCSI. The x-axis shows the predicted probability of a house-
hold’s status being ‘food insecure’; the y-axis shows the absolute number of households whose
probability that lies in the respective bin. The top histograms show the distribution of predicted
probabilities by true food security status. The bottom two histograms show how setting the prob-
ability threshold (dashed line) to 0.19 (for FCS) and 0.21 (for rCSI) to achieve 70% recall.

status is known from the LSMS data, we can assess the model’s performance by

comparing predictions to ground truth.

Figure 3.9 visually demonstrates how varying the probability threshold im-

pacts classification errors in the prediction of FCS status (panel (a) on the left)

and rCSI status (panel (b) on the right). In addition to ROC-AUC as discussed
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in Section 3.5.2, the performance of binary prediction models can be evaluated us-

ing out-of-sample accuracy, precision, and recall. Accuracy refers to the overall

proportion of correctly classified observations. When class sizes are equal and dif-

ferent prediction errors are equally ‘costly’, accuracy is a sufficient performance

metric. However, when classes are imbalanced, or when errors of exclusion weigh

heavier than errors of inclusion (or vice versa), then accuracy can be misleading.

In the setting of this study, the ‘food insecure’ class is significantly smaller than the

‘food secure’ class (23% vs. 77%), and errors of exclusion (failing to detect a food

insecure household) can reasonably be considered ‘more costly’ for policy-makers

than errors of inclusion (mistakenly classifying a secure household as insecure).

Precision and recall are additional metrics which help to assess model performance

in such a setting. Precision measures the proportion of predicted insecure house-

holds that are truly insecure. Recall, conversely, measures the proportion of truly

insecure households correctly identified by the model.

Given the class imbalance and the importance of minimising errors of exclu-

sion, I prioritise recall over other performance metrics and set the probability

threshold such that it yields a recall of 70%. This translates to the model correctly

detecting 7 out of every 10 truly food insecure households. Due to the fact that

the probability distributions for the ‘secure’ and the ‘insecure’ class overlap sub-

stantially, achieving such a high recall rate necessitates a relatively low probability

threshold of around 0.2 (i.e. 20% predicted probability of class ‘food insecure’).

This threshold results in overall accuracy of 63% and precision of 34% for FCS pre-

diction, and accuracy of 54% and precision of 29% for rCSI prediction. These lev-

els of accuracy and precision might appear relatively low at first glance, but they

align with previous findings in the literature. Studies by Zhou et al. (2021) and

Lentz et al. (2019) report broadly similar levels of performance when predicting

food security status at the cluster level. Models that achieve substantially higher

performance include lagged food security values or additional household asset
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indicators as predictors (Lentz et al., 2019; Martini et al., 2022; Zhou et al., 2021).11

3.5.4 Prediction of FCS and rCSI values

In this section, I use a more granular ‘bottom-up’ approach to predict households’

food security status. Instead of directly predicting whether a household is food

secure or insecure as in the binary classification model in Section 3.5.3, I now pre-

dict raw FCS and rCSI values using a regression model. Subsequently, I classify

households as ‘secure’ or ‘insecure’ based on the predicted values. The rationale

behind this approach is that, while the binary classification model has no way of

differentiating by the level of severity of food insecurity, the regression model uses

the full variation in underlying FCS and rCSI values, which may result in more

accurate predictions.

I use the same eXtreme Gradient Boosting (XGBoost) model – though this time

in regression rather than classification mode – and the same datasets for train-

ing and testing. Figure 3.10 plots observed and predicted FCS and rCSI values for

households in the test dataset. For the observed ‘true’ FCS and rCSI values, I main-

tain the same cutoffs describes in Section 3.5.1: households with a true FCS value

below 42 or a true rCSI value above 4 are classified as food insecure. The two top

scatterplots in Figure 3.10 show how these cutoffs separate the sample into ‘secure’

and ‘insecure’ households. The scatterplots show under-prediction of FCS and

11Lentz et al. (2019) use LSMS household survey data for Malawi to predict average FCS, rCSI and
HDDS at the cluster (village) level and subsequently analyse errors of inclusion and exclusion by
applying cutoffs to construct food security categories. For FCS (rCSI), their main model achieves
76% (65%) accuracy at 83% (86%) recall. These higher levels of predictive performance are most
likely due to the inclusion of additional predictors (e.g. lagged IPC food security assessments,
additional household assets, and household demographics). The authors do not report the per-
formance of models that use a more parsimonious set of predictors, but they do concede that
the inclusion of lagged IPC assessments and household assets as predictors is crucial for model
performance. In a subsequent study (Zhou et al., 2021), the authors predict binary food insecu-
rity status at the cluster level, defined as at least 20% of households in the village experiencing
food insecurity as measured by FCS or rCSI. For Tanzania, Zhou et al. (2021) report accuracy of
81-84% at 70% recall for FCS, which is higher than the performance achieved in my main models.
For rCSI, however, they report accuracy of 52-53% at 70% recall, which is slightly lower than the
performance achieved in my main models. Again, the authors include additional predictors on
household assets and demographics, among others. While the prediction target in both of these
previous studies is defined at the cluster rather than the household level, the performance met-
rics still provide useful comparisons for the models in this paper. This is particularly true for the
results reported in Zhou et al. (2021), as their predictions for Tanzania draw on the same waves
of LSMS data for training and testing the models in this paper.
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Figure 3.10: Prediction of FCS and rCSI values
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Note: This figure plots true and predicted FCS and rCSI values by true food security status for
households in the test dataset (LSMS wave 3, 2012/13). Panels on the left show results for FCS;
Panels on the right show results for rCSI. The x-axis shows true values; the y-axis shows predicted
values. The top scatterplots color codes households as food secure (FCS above 42, rCSI below 5)
or insecure based on observed FCS and rCSI values. The bottom scatterplots show how setting the
food insecurity cutoff to 54 for FCS and 2.5 for rCSI to achieve 70% recall affects errors of inclusion.

rCSI values, especially for rCSI. Since the distribution of rCSI is strongly skewed

to the right, with many households reporting zero use of coping strategies, I use

Poisson regression. In addition, Appendix 3.E shows that the inclusion of house-

hold demographics as additional predictors can partially reduce the downward

bias in the prediction of rCSI scores.

To facilitate comparison with the prediction results in Section 3.5.3, I again en-

force a recall rate of 70%. Due to the under-prediction of raw FCS and rCSI values,

correct identification of 70% of food insecure households requires adjusting the

classification cutoffs that are applied to predicted values. The bottom two scatter-

plots in Figure 3.10 illustrate the relationship between cutoff values and prediction

errors. For FCS, the threshold on predicted values is set to 54 (30% higher than the
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true FCS cutoff). This threshold results in overall accuracy of 65% and precision of

36%, implying a small improvement over the binary classification results. For rCSI,

setting the threshold to 2.5 (50% lower than the true rCSI cutoff) correctly identi-

fies 70% of food insecure households. The resulting accuracy of 54% and precision

of 29% are approximately the same as the values achieved in binary classification

(although the number of inclusion errors is marginally higher in the prediction of

raw rCSI values; 1736 vs. 1707 in the binary classification).

3.6 Conclusion

Accurate measurement of household food security, while essential for effective

policy targeting, is complex, costly and time-consuming. The analysis in this

chapter confirms previous findings in the literature that the correlation between

different food security indicators is weak, suggesting that the various experience-

based, consumption-based, monetary, and biological measures capture indepen-

dent dimensions of food security. For the two indicators analysed in detail in

this study, the Food Consumption Score (FCS) as an example of a consumption-

based indicator and the reduced Coping Strategies Index (rCSI) as an example of

an experience-based indicator, machine learning models yield promising results

for the prediction of households’ food security status from readily available sec-

ondary data when primary data collection is infeasible.

Predictive performance of these machine learning models is higher for FCS

than rCSI. This may be due to the fact that FCS is derived directly from realised

consumption – rather than psychological questions and use of coping strategies

– which appears to have a stronger association with observable drivers such as

market prices and weather. The inclusion of remoteness indicators in the predic-

tor set does not add much predictive performance in the current models. This

may be due to the relatively strong correlations between remoteness indicators

and more granular predictors such as household assets, such that remoteness indi-

cators add little information beyond these other predictors. Future research could

investigate whether training separate models for different types of region (remote

rural, adjacent rural, urban) using a larger dataset might improve prediction ac-

curacy compared to a model trained on pooled data. I find suggestive evidence
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that ‘bottom-up’ prediction of food security status (prediction of continuous scores

and subsequent classification according to cutoff values) can improve predictive

performance relative to ‘top-down’ binary classification. Future research could ex-

plore whether this also holds for geographic aggregation, i.e. whether granular

bottom-up prediction of a region’s food security yields higher accuracy than top-

down classification of a region’s food security status. In addition, future research

could explore the use of alternative model types, such as neural networks, to im-

prove predictive performance.

There remain some limitations for the real-world application of the prediction

methodology proposed in this paper: First, asset indicators (roof type and cell-

phone ownership), which are key for predictive performance, are taken from LSMS

survey data in this study. In a context in which policy-makers seek to infer food

security from secondary data, such household survey data is likely unavailable.

While roof type and cellphone ownership may be accessible through remote sens-

ing or data provided by private cellphone companies, the quality of predictions

would have to be assessed separately using these alternative data sources. Second,

the approach does not currently take into account potentially realised policy inter-

ventions or distributions of food aid. The presence of such programs may impact

the relationship between predictors and food security outcomes. Zhou et al. (2021)

provide some evidence showing that predictive performance is weaker in settings

where food aid disrupts the relationship between predictors and food security out-

comes. Third, the approach developed in this paper may not be applicable in set-

tings of extreme food insecurity or famine, especially when this occurs as a result

of armed conflict. Some secondary data (such as price data) may not be avail-

able during episodes of conflict. Hence, the proposed prediction approach is in-

tended to complement, but not replace, food security monitoring via convergence-

of-evidence and scenario development, as conducted by e.g. the Famine Early

Warning Systems Network (FEWS NET) and the Integrated Food Security Phase

Classification (IPC).

Despite these limitations, this study underscores the considerable potential of

machine learning methods and secondary data for improving the measurement

of food security in low-income countries. Rapid advances in the academic litera-
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ture in recent years, and institutions’ nascent adoption of innovative approaches –

e.g. the use of machine learning models to complement data from phone surveys

in WFP’s ‘HungerMap’ for real-time monitoring of food security – are promising

developments for improving the targeting of food policy.
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Appendices of Chapter 3
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Appendix 3.A Food security measures

Table 3.1: Constituent items of rCSI and FCS
Indicator Item name Values Item description
rCSI rcsi_less_preferred 0-3 In the past 7 days, did your household rely on less preferred foods?

rcsi_limit_variety 0-3 In the past 7 days, did your household limit the variety of foods eaten?
rcsi_limit_portion 0-3 In the past 7 days, did your household limit portion size at meal-times?
rcsi_fewer_meals 0-3 In the past 7 days, did your household reduce the number of meals eaten in a day?
rcsi_restrict_adult 0-3 In the past 7 days, did your household restrict consumption by adults for small children to eat?
rcsi_borrow_food 0-3 In the past 7 days, did your household borrow food, or rely on help from a friend or relative?

FCS fcs_staples 0-7 Frequency of staples consumption in last 7 days
fcs_pulses 0-7 Frequency of pulses consumption in last 7 days
fcs_vegetables 0-7 Frequency of vegetables consumption in last 7 days
fcs_fruits 0-7 Frequency of fruits consumption in last 7 days
fcs_meat 0-7 Frequency of meat consumption in last 7 days
fcs_dairy 0-7 Frequency of dairy consumption in last 7 days
fcs_oil 0-7 Frequency of oil consumption in last 7 days
fcs_sugar 0-7 Frequency of sugar consumption in last 7 days

Note: rCSI items take values 0-7, with the value indicating the number of days that a given coping strategy was used in the last 7 days. Raw scores
are weighted using severity weights to derive overall rCSI score. FCS items take values 0-7, with the value indicating the number of days that a
given food group was consumed in the last 7 days. Raw scores are weighted to account to nutritional density before aggregating to overall score.
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Appendix 3.B Household location by type of region

Figure 3.11: LSMS household locations by type of region
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Appendix 3.C Food prices

Figure 3.12: Local market price of Maize, 2010-2013 (tsh/kg)
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Figure 3.13: FAO Global food price indices
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Appendix 3.D Seasonal calendar

Figure 3.14: Tanzania Seasonal Calendar (FEWS NET)

Source: https://fews.net/east-africa/tanzania
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Appendix 3.E Additional prediction results

Figure 3.15: Prediction of rCSI values with HH demographics in predictor set
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Note: This figure plots true and predicted rCSI values by true food security status for households in
the test dataset (LSMS wave 3, 2012/13). The x-axis shows true values; the y-axis shows predicted
values. The left scatterplot color-codes households as food secure (rCSI below 5) or insecure based
on observed rCSI values. The right scatterplot shows how setting the food insecurity cutoff to 2.5
for rCSI to achieve 70% recall affects errors of inclusion. In contrast to the main model presented in
Section 3.5, the model used here includes household demographics as additional predictors.
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Conclusion

Food production and consumption play a key role in economic development and

consequently receive particular attention from policy makers, with food secu-

rity ranking highly among the 17 Sustainable Development Goals (Goal 2: Zero

Hunger by 2030). Domestic transport costs remain particularly high in low-income

countries (Moszoro & Soto, 2022). This thesis speaks to the intersection of the cen-

trality of food and the salience of domestic trade frictions in low-income countries.

In this concluding section, I discuss potential future extensions for each of the three

chapters.

In Chapter 1, I develop a stylised spatial general equilibrium model of a

small open agricultural economy to study processes of structural change in open

economies with high domestic trade frictions. I find that in such an imperfectly

open economy, the food problem can continue to bind, causing a high share of the

population to remain in agriculture despite low agricultural productivity; this is

true even though the economy has the ability to import food from the rest of the

world. Results of the comparative static analysis show that productivity improve-

ments in the transport sector, agricultural sectors and non-agricultural sectors can

all make the food problem less binding, but these differ with respect to their effects

on trade patterns, the spatial distribution of economic activity, and food consump-

tion.

To ensure analytical tractability of the model, I make assumptions about the

tradability of different goods. While in the current version of the model the only

export is an agricultural good, an interesting future extension would be to allow for

the urban manufacturing good to be exported. Other useful modifications could

include the addition of a second far rural region, or to allow for food processing

to take place in the near rural region. I presume that the parameterisation would
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again be critical for model predictions with such extensions. For example, de-

pending on global prices and the degree of substitutability between domestic and

imported food, and assuming that urbanisation is not restricted (e.g. by congestion

externalities or migration frictions), the economy’s ability to export the urban man-

ufactured good could considerably ease the pressures exerted by the food problem.

In Chapter 2, we analyse the spatially differentiated pass-through of global

food, fuel and fertiliser price shocks to heterogeneous households in the domes-

tic economy. We find that urban households, whose food consumption is more

heavily dependent on imports, are more adversely affected by isolated food price

shocks. When food price shocks occur simultaneously with fuel and fertiliser

price shocks, remote rural households are equally negatively affected, due to the

transport-cost intensity of their consumption and the reliance on fertiliser in agri-

cultural production.

In our current policy analysis we assume import price subsidies are raised to a

level at which they fully offset the global price shocks. In reality, neither donors

nor domestic authorities are likely to provide the financing required to fund such

‘full mitigation’ subsidies. In the absence of full mitigation, we cannot therefore

fully neutralise the changes in relative prices through subsidy offsets‚ and so the

distinction between subsidies and transfers will diminish in this case. In ongoing

work, we solve a dynamic version of the model that incorporates realistic levels of

adjustment costs and intertemporal smoothing. The dynamic model will facilitate

analysis of temporary price shocks and more realistic policy counterfactuals.

Chapter 3 is concerned with accurate targeting of food policy. I show that

household food security can be predicted at reasonable levels of accuracy using

machine learning methods and secondary data. A remaining limitation of the pro-

posed methodology is the reliance on household asset indicators which – while

they could conceivable be accessed through remote sensing or provided by e.g.

cellular companies – are currently still taken from household survey data. In ad-

dition, the prediction models do not currently account for existing food aid which

may affect the relationship between the predictors and food security outcomes.

Lastly, the approach is likely not well suited to predicting acute food insecurity

in conflict settings, as some of the secondary data (such as price data) may not be
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accessible. During such episodes of extreme food insecurity, there may be breaks

in the relationship between predictors and foot security outcomes.

Despite these limitations, food security prediction using machine learning

holds considerable potential for improving policy targeting in developing coun-

tries. When used as a complement to food security monitoring via rapid phone

surveys, convergence-of-evidence and scenario development, as conducted by e.g.

the Famine Early Warning Systems Network (FEWS NET) and the Integrated Food

Security Phase Classification (IPC), machine learning methods can be a powerful

way to fill gaps in the data.
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