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Chapter 1

Introduction

Poverty is one of the world’s biggest problems. In 2001 about one fifth of the world’s

population (1.1 billion people) lived on less than one dollar per day and about 2.7 billion

people lived on less than 2 dollars per day. Though poverty incidence has been reduced in

the last few decades, most of the improvement has occurred in East and South Asia. In

East Asia, the percentage of people who live under 1 dollar per day dropped from 57.7%

in 1981 to 14.9% in 2001. However, in Sub-Saharan Africa this percentage increased from

41.6% in 1981 to 46.4% in 2001. In the rest of the world, this rate changed very little.

The number of people who are living in poverty is still large1.

The effects of poverty go much beyond that a few billion people do not have enough

food and clothes, which is certainly a serious problem. Poverty is the cause of many

health problems in developing countries2. Poverty also leads to social isolation and lack of

education. Moreover, poverty can even be the root of conflicts and the cause of government

failure3.

This thesis starts with analyzing the causes of poverty. Risk, which is one of the

causes and aspects of poverty, is the main issue investigated in this thesis. I look at

it from a micro point of view and in the setting of rural areas in developing countries.

From the analysis, the thesis provides theoretical and empirical support to one of the

poverty reduction strategies - insurance. The thesis also investigates an issue in poverty

measurement and tries to improve the measurement of poverty at the disaggregated levels.

1The numbers cited in this paragraph are from Chen and Ravallion (2004).
2In 2004, the life expectancy of the high income economies (with GNI per capita of $10,066 or more)

was 79 years but that of the low-income economies (with GNI per capita of $825 or less) was only 59
years (World Bank 2006).

3For a more detailed summary of the causes and effects of poverty, see http://worldbank.org/

poverty.
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1.1 What is poverty?

Poverty is a complicated social and economic concept. Banerjee (2005) summarizes re-

search in the literature by comparing two views of poverty: “poverty as desperation” and

“poverty as vulnerability”.

The view “poverty as desperation” states that poverty is mainly caused by credit

constraints. The poor can invest very little because of their constrained credit. The

investment can be in assets (e.g., Rosenzweig and Wolpin 1993), health (e.g., Dasgupta

and Ray 1986) and education (e.g., Galor and Zeira 1993). The poor may find that they

have nothing to invest after they fulfill their basic needs to survive. Assets are usually

individable, which also restrains the poor’s ability to invest.

“Poverty as vulnerability” is related to risk. Morduch (1994) mentions that lack of

access to consumption-smoothing mechanisms may be as detrimental to the poor as de-

privations in health and nutrition, which are considered as a part of poverty. The poor

are often the least insured against risk. For example, Jalan and Ravallion (1999) find that

in rural China the poorest wealth decile can only insure 60% of the income shocks but

the richest third of households are protected from 90% of the income shocks. Rosenzweig

and Binswanger (1993) also find that the rich are much better insured than the poor

using a dataset from India. Risk averse households may choose not to invest in profitable

activities because they cannot bear the shocks which may occur (e.g., Dercon 1996). This

choice leads them to a low rate of return on their production, often causing poverty.

The two views are different. As Banerjee puts it, “poverty as desperation” means that

the household has nothing to lose but “poverty as vulnerability” means that the house-

hold is afraid of losses. They are almost opposite to each other. In the first view, the

household is passive since it does not have the choice to invest more. In the second view,

the household is poor because of its choices. Though explaining poverty from the perspec-

tive of credit constraints is certainly insightful, this thesis emphasizes more on “poverty

as vulnerability” because of the dramatic effects of risk on poverty. In the models used

in this thesis to analyze risk I take the extreme case that households cannot borrow to

invest, but I do not go further to explore the effect of more general credit constraints on

poverty. I will discuss risk in rural areas of developing countries and its effects on poverty

in the next section by reviewing the findings in the literature.
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1.2 Poverty, risk and risk coping

1.2.1 Risk in the rural areas of developing countries

In the context of rural areas of developing countries, there are mainly four types of risk.

The first type is environmental hazards. Rural households in developing countries derive a

large part of their income from farming. Environmental hazards like drought, flood, frost

and pests are the biggest threat to their income. Dercon (2005a) reports in the Ethiopia

Rural Household Survey (ERHS) that 78% of the households were seriously affected by

harvest failure from these environmental hazards in 1974-1994. Environmental hazards

centainly occur in the developed world as well. However, they usually have much bigger

impact on household income in developing countries. Due to the lack of irrigation systems,

farmers in developing countries rely heavily on rainfall to irrigate their farms. Lack of

rainfall in the farming season usually means a dramatic reduction in their farm outputs.

Fungicides and herbicides are very rarely used. Thus pest and weed harm harvests very

often.

The second type of risk is disease and death of people and livestock. Infectious dis-

eases like malaria, measles, tetanus etc. are prevalent in developing countries. Millions of

people are killed every year due to lack of medicine and facilities to cure these diseases.

Livestock are also suffering from diseases. Lybbert, Barrett, Desta, and Coppock (2004)

find a high mortality rate among livestock in the arid and semi-arid lands of eastern and

southern Africa (50% to 80% for cattle and 30% for sheep and goats). The disease and

death of people and livestock dramatically reduce human capital and productivity of rural

households in developing countries.

The third type is business shocks. As a rural household’s income mainly comes from

farming, the risk from the changes in the prices of the farm inputs and outputs is very

high. Moreover, most of the family businesses found in rural areas in developing countries

are very small and vulnerable to shocks (Daniels 1994).

The last type is policy shocks. Government failure happens often in developing coun-

tries. Conflicts and wars are not rare in some countries. This type of risk is also not

negligible. Dercon (2005a) finds in the ERHS that 42% of the households suffered se-

riously from policy shocks like forced labor, a ban on migration, new levies or taxes in

1974-1994. 17% of the households lost their land during land reforms and 7% of the

households were seriously affected by wars.
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1.2.2 The transitory effects of risk on poverty

The effects of risk on poverty can be both transitory and persistent. The transitory

effects of risk on poverty can be interpreted as the effects of risk on the volatility of

income and consumption due to households’ inability to cope with shocks. This is very

easy to understand. For example, households may fall into poverty due to a drop in

income caused by lack of rainfall. Income and consumption volatility is found in many

developing countries (e.g., Jalan and Ravallion 1996; Gunning, Hoddinott, Kinsey, and

Owens 2000; Dercon and Krishnan 2000). Dercon and Krishnan (2000) construct an index

of shocks to crops, livestock and illness, and find that consumption is sensitive to shocks.

1.2.3 The persistent effects of risk on poverty

The persistent effects are very much related to the risk coping behavior of the households

so I will first give a summary of the important risk coping strategies4.

Risk coping strategies are usually grouped into two categories: ex ante strategies and

ex post strategies. The strategies adopted before shocks happen are referred to as ex

ante strategies and the ones conducted after shocks happen are referred to as the ex

post strategies. Crop diversification and activity diversification are the most important

ex ante risk coping strategies. Crop diversification means that households plant various

types of crops so when crop specific shocks happen the households can still harvest the

other crops. This strategy often involves planting a fraction of low-risk but also low-profit

crops to guarantee a certain amount of farm outputs. One example is given in Dercon

(1996): households with lower levels of assets plant more sweet potatoes in Tanzania.

Activity diversification is also used by households. For example, members of some rural

households participate in wage earning activities, and some households are involved in

small businesses besides their farming activities.

The ex post strategies include depleting assets, getting transfers from mutual insur-

ance, borrowing from credit markets, shifting labor to off-farm activities and reallocating

resources inside the household etc. Some of the ex post strategies are not exactly ex

post as many ex post strategies need ex ante planning. For example, households may sell

the grains they stored or their livestock to smooth consumption when there are negative

shocks. In order to do so, households must accumulate these assets when there are pos-

itive shocks. Deaton (1991) discusses this precautionary motive in asset accumulating.

Assets like livestock, jewelry and grains can be used for consumption smoothing. From

the well-known article Rosenzweig and Wolpin (1993) we know that households accumu-

4Readers interested in this topic can also consult Dercon (2005a) and Fafchamps (2003), who provide
excellent summaries of the risk coping strategies.
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late and decumulate livestock to smooth consumption in Indian villages. Kazianga and

Udry (2006) find some evidence of consumption smoothing through stocks of grains in

rural Burkina Faso. There is a cost to store liquid assets to deal with risk. Zimmerman

and Carter (2003) find that the cost of the asset-based risk coping in terms of foregone

lucrative investment is about 18% of income for farmers in Burkina Faso.

Another ex post risk coping strategy which may require ex ante planning is mutual

insurance. Households can get help from their social networks (e.g. friends and relatives)

when the households have a bad harvest for example, and provide help to their friends

and relatives when the households have a good harvest. The social networks in which such

risk-sharing behavior happens usually need to be formed beforehand. Some social net-

works are formed based on ethnic ties, kinship, neighbourship or religion (Grimard 1997;

De Weerdt 2002; Hoddinott, Dercon, and Krishnan 2005). These kinds of social networks

are not designed for risk sharing. Fafchamps and Gubert (2005) find that this is indeed the

case using a dataset from the Philippines. Some social networks are formed intentionally

by households for risk-sharing. One example is the formation of social networks through

marriage. Rosenzweig and Stark (1989) find that in Southern Indian villages, marrying

outside the village is a way to mitigate income shocks and smooth consumption.

Borrowing from credit markets can be used to smooth consumption as well. Udry

(1990, 1994) explores the credit markets in rural Northern Nigeria and finds that credit

transactions can be viewed as state-contingent contracts which allow households to pool

their risks efficiently. Households can also shift their labor to cope with risk. For example,

when there is a bad harvest, they can shift their labor to wage earning activities. Kochar

(1999) finds evidence of this for the Indian villages. Inter-household resource allocation

is also used to deal with risk. There is evidence that during famines there is higher mor-

tality rate among the elderly and children (e.g., Sen 1981). Researchers also find that

rural households are more likely to withdraw their children from school in bad times (e.g.,

Jacoby and Skoufias 1997).

From the risk coping strategies we can see some channels through which risk has per-

sistent effects on poverty. As Morduch (1994) summarizes it, these persistent effects run

through two mechanisms: First, in a risky environment households may sacrifice their ex-

pected profit to cope with risk. Risk coping strategies like crop diversification and activity

diversification can serve this role. In this mechanism, rural households choose to be poor

as they choose crops and activities with low profit to achieve greater protection against

risk. Second, in hard times households are forced to protect their consumption today by

depleting their productive assets or withdrawing their children from school. This means

that they have to face low expected income in the future.

Evidence on the persistent effects of risk on poverty has been found by many re-
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searchers. Dercon (2004) provides an example for Ethiopia. Lybbert et al. (2004) suggest

that the poor population’s vulnerability to shocks may lead them to long-term poverty.

1.2.4 Insurance and its limitations

Due to the effects of risk on poverty (especially the persistent effects), researchers and

practitioners are exploring the possible ways to help rural households cope with risk. For-

mal insurance is one of the ways. In recent years, microfinance institutions and even insur-

ance companies in developing countries have started to provide insurance to low-income

households (Dercon 2005b). These insurance schemes are designed to better protect the

poor households against hardship. Compared to the informal risk-sharing networks, these

insurance schemes have the advantage that they can insure not only idiosyncratic shocks

but also covariant shocks. Well-designed formal insurance schemes may be able to target

the poor and vulnerable households, which are sometimes found to be excluded in the

informal risk-sharing networks (for example De Weerdt [2002] finds that the poor has less

dense risk sharing networks in a village in Tanzania). However, we need to consider two

questions before implementing formal insurance to rural areas of developing countries.

First, whether formal insurance is implementable? Second, how much does formal insur-

ance improve the welfare of the households?

The findings in the literature on asymmetric information and moral hazards in gen-

eral apply to the implementation of formal insurance for rural households (Coate and

Ravallion 1993; Ligon, Thomas, and Worrall 2000). Complete insurance will certainly be

difficult to implement. If the compensation of insurance is based on farm outputs, how

to verify the outputs is always an issue for the provider of the insurance. Under complete

insurance, households’ income does not depend on their outputs. Therefore, households

may not exert enough efforts. An insurance scheme needs to overcome these difficulties.

The verification issue is the reason that in many countries (e.g. India, Morocco) the in-

surance scheme provided is based on weather conditions instead of crop outputs, since

the former is much easier to verify.

While finding implementable insurance scheme is certainly an important research ques-

tion, this thesis focuses on the second concern: how much formal insurance improves the

welfare of households. It starts by exploring the situation of risk sharing when there is

no formal insurance.
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1.3 The content of the thesis

1.3.1 How much risk is shared?

There is an enormous literature testing whether full insurance exists (Mace 1991; Deaton

1992; Townsend 1994; Grimard 1997; Ligon 1998; Gertler and Gruber 2002; De Weerdt

and Dercon 2006). The most widely used test is the one described in Townsend (1994). In

his paper, household consumption is regressed on household income and village average

income. If household consumption only depends on village average income but not on

its own income, the test suggests that there is full insurance. It is tempting to use

the coefficient of household income in the Townsend test as a measure of risk sharing.

However, in Chapter 2 I argue that doing so is misleading. If households can fully rely on

self-insurance to smooth consumption, the coefficient would suggest full risk sharing but

actually there is none.

In Chapter 2, I derive a measure of shocks based on income differentials and use the

shock measure to answer the question “how much risk is insured through transfers” in

rural Ethiopia. I focus on two types of transfers: transfers from government and non-

government organizations (NGOs) and transfers from mutual support. The impact of

transfers on risk sharing may depend on the type of shocks (Dercon 2005b). Households

with social networks constrained in a village may find that it is difficult to insure the

covariant shocks relying on mutual support, while government/NGOs have the ability to

insure the covariant shocks. Government/NGOs may find that it is too costly to detect

and insure the idiosyncratic shocks while it is much easier for households in the same

village to do so. Therefore, I further decompose my measure of shocks into a measure of

idiosyncratic shocks and a measure of covariant shocks.

I find that transfers from government/NGOs insure a very small part of the covariant

shocks and transfers from mutual support do not insure shocks. This finding suggests

that the worry that formal insurance may crowd out mutual support is not a concern, at

least in the studied villages in rural Ethiopia.

1.3.2 Insurance: the Indian case

Chapter 3 and Chapter 4 focus on how much formal insurance improves the welfare of

the households.

Many insurance programs are being implemented in developing countries but very

little is known about their costs and benefits relative to existing risk coping institutions.

The well-known impact evaluation methods are difficult to apply here because in principle

treated and untreated villages need to be observed for a very long time in order to see the
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impact of insurance. In reality, this kind of surveys are not available. Assessing the scope

for insurance in rural communities thus usually requires a structural model of household

behavior under risk. In such a model, the household maximizes its lifetime utility by

making optimal investment decisions. Given the household’s initial wealth, its decisions

characterize the properties of the household (e.g. how risk averse the household is) and

the properties of the shocks (e.g. the distribution of the shocks). By estimating such a

model, the properties of the household and the shocks can be obtained. Then based on

the estimates of the model the paths of the welfare of the household are simulated, and

the effectiveness of policy interventions is evaluated.

One of the few empirical applications of such structural models is the study by Rosen-

zweig and Wolpin (1993), who conclude that Indian farmers would not benefit from the

introduction of formal weather insurance. A distinct feature in Rosenzweig and Wolpin’s

model is that the asset variable is discrete5. In Chapter 3, I show that their model cannot

be estimated with reasonable precision as a result of the assumption that assets can take

only a limited number of values. I show that this can affect the conclusion that insurance

would not be welfare improving.

1.3.3 Insurance: the Zimbabwean case

Elbers, Gunning, and Kinsey (2007) propose an alternative dynamic choice model. In this

model the asset is a continuous variable. They apply this model to data from Zimbabwe

and show that risk has a negative effect on asset accumulation for the rural households

in Zimbabwe. The effect is very big: for an average household the mean capital stock

in the sample is in expectation 46% lower than in the absence of risk. They decompose

this effect into an ex ante effect and an ex post effect. The ex ante effect is the impact

of the behavioral reponse of the households to risk and the ex post effect is the impact of

risk after it happens. They find that about two-thirds of the impact is due to the ex ante

effect. They conclude that policy interventions to help households reduce risk (such as

formal insurance) are effective not only in reducing variability but also in helping asset

accumulation and growth.

1.3.4 Insurance: the Ethiopian case

The findings in Elbers et al. (2007) are important for policy making; in particular for the

implementation of formal insurance in the rural areas of developing countries. In Chapter

4, I use a similar model as the one used in Elbers et al. (2007) to investigate the effects

of shocks on livestock accumulation in rural Ethiopia.

5Wolpin (1996) discusses the public-policy use of this type of discrete choice dynamic models.
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The approach used in thesis differs from the one in Elbers et al. (2007) in four ways.

In Elbers et al. (2007) households are heterogeneous in terms of productivity but the au-

thors only focus on the impact of risk on livestock accumulation for an average household.

I consider that this impact can be different for households with different productivities

and explore these differences. A different method proposed in Elbers (2007) is used to

estimate the model. I check the so-called Euler equation of the model to see how the

condition is satisfied using the two methods (the one used in Chapter 4 and the one used

in Elbers et al. 2007). It is much better satisfied when the method in Chapter 4 is used.

In the Elbers et al. (2007) model, transfer income is not expected by the households at all.

In Chapter 4, I include the transfer income in the model by assuming that households do

expect transfer income. For example, households with an old household head may expect

more transfers. However, they do not expect transfers to be responsive to shocks. This

assumption is based on my finding in Chapter 2 that transfers from mutual support do

not play a role in risk-sharing. Elbers et al. (2007) use rainfall data to estimate the corre-

lation between the shocks across households. I do not have the rainfall data for Ethiopia

but instead I allow for a correlation between the shocks across households.

The impact of risk on livestock accumulation does differ for households with different

productivities. However, for most of the households this impact is negative. The impact is

big. For a household with median productivity, under risk the expected value of livestock

at the end of a 90-year simulation period is 46% lower than it would be in the riskfree

case. As it happens this is exactly what Elbers et al. (2007) found for Zimbabwe. The

signs and sizes of the ex ante and the ex post effect of shocks differ for households with

different productivities. For very unproductive households both effects are positive, and

the ex post effect is bigger than the ex ante effect. For a median household the ex ante

effect of shocks on livestock accumulation dominates the ex post effect. The ex ante effect

of risk on livestock accumulation is negative and the ex post effect is positive. For very

productive households both effects are negative, and the ex ante effect is bigger than the

ex post effect in absolute value.

I also estimate two variations of the model to check the robustness of the results. In

the first variation, I explore the possibility to use also consumption data in estimating

the model. I show that it is feasible. How well the model can perform and can provide

extra insights of the behavior of the households depends on the quality of the data. In

the second variation, I check if the results are robust if the income data are measured

with an error. I find that if income was underreported because of for example house-

holds’ tendency to underreport their income and incomplete list of income sources in

the questionnaire the estimates of the parameters do change with the mean of the error.

However, if the underreporting is not too serious (I check the case when the income was
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underreported by one third), the sign of the impact of risk on livestock accumulation does

not change, the size of the ex post effect changes little but the size of the ex ante effect

becomes much smaller.

1.3.5 The measurement of poverty

How to measure poverty is an important question. At least three issues need to be decided

before poverty is measured. First, what indicator can be used to measure poverty? Many

measures use consumption or income. Poverty is multidimensional. Social indicators of

education, health, access to services and infrastructure, vulnerability, social exclusion and

access to social capital are also included in measures of poverty (for example the annual

Human Development Report prepared by the United Nations Development Program).

Second, in what kind of time frame do we measure poverty? Poverty is a dynamic issue.

There are a number of studies which make the distinction between transitory and perma-

nent income and explore transitory and chronic poverty6. Longitudinal data are required

for such studies on the dynamics of poverty. Third, at which level do we measure poverty:

at the global level, national level or more disaggregated level?

Poverty measures at aggregated levels are useful for comparison and statistical pur-

poses but measures at more disaggregated levels are often needed for poverty monitoring

and efficient aid targeting. One technique to obtain such measures at a disaggregated level

is “small area statistics” (e.g., Ghosh and Rao 1994; Rao 1999). Elbers, Lanjouw, and

Lanjouw (2002) extend the literature on this technique. They develop a poverty mapping

method (henceforth the ELL method), which combines a larger dataset (e.g. data from a

census) and a smaller dataset (e.g. data from a survey), to obtain the measures of poverty

at a more disaggregated level than the survey alone can produce.

Chapter 5 studies one unresolved issue in the ELL method: whether to pool data

from different strata. The ELL method requires to build models on consumption using

the survey data. The estimates of the poverty indicators often depend on whether the

data from different strata are pooled when these consumption models are built. Chapter

5 starts with the possible gains and losses from pooling in theory, and uses simulation to

evaluate the reliability of three methods that can be used to make pooling decisions. I

find that one method in general works better than the other two and can be conducted

to make pooling decisions when applying the ELL method.

6Examples are Paxson (1992), Jalan and Ravallion (1996) and Baulch and Hoddinott (2000). Carter
and Barrett (2006) go further to classify poverty into four types: static income/expenditure poverty,
dynamic income/expenditure poverty, static asset poverty and dynamic asset poverty, to distinguish
income/expenditure poverty and asset poverty.



CHAPTER 1. INTRODUCTION 11

I believe the thesis provides important insights of poverty, risk and growth in rural areas

of developing countries. The contributions on quantifying the effect of risk on growth and

evaluating the scope of insurance are essential for policy interventions of poverty reduc-

tion. The other contributions on the measurement of shocks and poverty indicators are

significant for the analysis of poverty and risk.





Chapter 2

Risk Pooling through Transfers in

Rural Ethiopia

This chapter is an article accepted for publication in the journal Economic Development

and Cultural Change, see Pan (2008).

2.1 Introduction

Risk is a major issue in developing countries. Many researchers have stressed the severity

of risk in developing countries (e.g., Baulch and Hoddinott 2000; Fafchamps 2003; Dercon

2005a). Kinsey, Burger, and Gunning (1998) find that harvest failures were very frequent

in the resettlement areas in rural Zimbabwe. Lybbert et al. (2004) claim that among the

pastoralists in the arid and semi-arid lands of eastern and southern Africa, livestock losses

during one cycle of drought and recovery can be up to 50% to 80% for cattle and 30% for

sheep and goats. In the Ethiopia Rural Household Survey (ERHS), farmers were asked to

list the shocks they experienced in 1999–2004. 52% of the households reported drought,

38% reported pests or diseases affecting crops or livestock and 35% reported the death of

a household member (Dercon, Hoddinott, and Woldehanna 2005).

Households employ several methods to cope with these types of risk. Strategies in-

clude accumulating and decumulating assets (e.g., Deaton 1991), diversifying agricultural

income by planting multiple crops (e.g., Dercon 1996), shifting labor to off-farm employ-

ment (e.g., Kochar 1999), or taking loans (e.g., Udry 1990, 19941; Fafchamps and Lund

2003) or transfers (e.g., Dercon and Krishnan 2003).

There are many empirical studies on the issue of risk pooling. Most of them consider

two questions. The first is whether risk is fully insured. The most famous example is

1The contingent repayment with the loans makes the loans very similar to transfers in the Udry
studies.
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Townsend (1994), which tests for full insurance by regressing individual consumption on

individual income and aggregated village consumption or income. This idea that under full

insurance idiosyncratic shocks should not have a significant impact on consumption has

been adopted by many researchers (for example, Grimard [1997], Ravallion and Chaud-

huri [1997], Jalan and Ravallion [1999], and De Weerdt and Dercon [2006] all applied this

idea in their papers).

The second question is how responsive the risk pooling strategies are to shocks. This is

usually done by regressing a variable which indicates a measure of risk coping strategy on

shocks. For example, Jalan and Ravallion (2001) study the relation between unproductive

liquid assets and risk. Fafchamps and Lund (2003) explore how gifts, informal loans, and

sales of livestock and grain respond to shocks. Kochar (1999) investigates how households

increase their labor supply to cope with risk.

Despite the rich literature in risk pooling, most of the papers can only provide an an-

swer to whether there is full insurance, but not how large the impact of different risk pool-

ing strategies is on risk pooling. It is tempting to use the coefficient from the Townsend

test to measure how far away the observed risk sharing is from full insurance. However,

such an interpretation should be done with caution as households can rely on self-insurance

instead of social insurance to stabilize their consumption. To take an extreme example,

in a community where self-insurance through consumption smoothing is the only method

for risk management, the Townsend test would suggest a high extent of risk pooling when

in fact there is none. This suggests that the Townsend coefficient cannot be used as a

measure of the extent of risk sharing.

In the studies of specific strategies, usually only the significance of coefficients is mean-

ingful. The value itself does not tell how much risk is insured by a certain strategy since

the variables of shocks are usually dummies or indices (examples using the ERHS dataset

are Dercon [2004] and Dercon et al. [2005]).

It is usually not sufficient to only know if a certain strategy plays a role in risk pool-

ing. Estimating to what extent shocks are pooled is essential for researchers to evaluate

the importance of different strategies. For example, one worry about introducing formal

insurance to farmers in developing countries is that it will crowd out informal insurance,

which might make the resulting gain in welfare relatively small. If informal insurance

does play a role in insuring risk, whether or not to implement formal insurance depends

on how large the impact of informal insurance is on risk pooling. Therefore, going from

a qualitative measure of the degree of risk sharing to a quantitative measure is a crucial

step in understanding the risk pooling behavior of households.

In this chapter I focus on risk pooling through transfers using ERHS data. To help

poor households in bad times government and non-government organizations (NGOs) pro-
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vide food aid and food-for-work programs. A large amount of food aid is distributed every

year in Ethiopia. The annual volume of cereal food aid has ranged between 3.5% and

26% of the total domestic food grain production over the 1985–96 period (Clay, Molla,

and Habtewold 1999). However, the targeting of food aid is poor: Dercon and Krishnan

(2003) report that the characteristics of those who obtained aid and those who did not

differ very little.

Aside from external aid from government and NGOs, mutual support is also very

common in rural Ethiopia. Hoddinott et al. (2005) study the networks in ERHS villages

and find that many households have connections to different sorts of social networks and

get support from them. In good years, households send transfers to households suffering

negative shocks; in bad years, they receive support from other households. From this

point of view, transfers work like an insurance which collects premiums from those house-

holds that experience positive shocks and compensates those households that experience

negative shocks.

The social networks in which such risk pooling occurs can be informal, based on

kinship, friendship or religion. These social networks may not be designed to pool risk

(Fafchamps and Gubert [2005] provide an example for rural Philippines). There are also

semi-formal organizations in rural Ethiopia. These organizations require membership and

fees. For example, the funeral association iddir is prevalent in Ethiopia. The institution

collects contributions from its members and pays out to a household when a member or

relative of a member dies (Hoddinott et al. 2005).

In this chapter I explore two functions of transfers. It is well known that shocks

can have persistent effects on growth (for example, Dercon [2004] provides evidence of

persistent ex post effect on growth for Ethiopia). Transfers may play a role in insuring

shocks. The degree of risk pooling through transfers depends on the type of shocks. If

the shocks are idiosyncratic, households may be able to rely on their social networks to

insure the shocks. If the shocks are covariant, households will not be able to do so since

the social networks are usually geographically concentrated. This is likely to be the case

in the surveyed villages, where Hoddinott et al. (2005) find that 87% of the individuals

in the households’ social networks are in the same village. Therefore, it is unlikely that

households are able to rely on their social networks to insure covariant income shocks and

government actions are necessary for households to avoid the welfare loss from covariant

income shocks. Therefore, measures of both idiosyncratic and covariant shocks are con-

structed in this chapter. By decomposing the shocks in this way, I study the roles that

transfers from government or NGOs and friends or relatives play in insuring these two

types of shocks separately.

However, households with negative shocks are not necessarily poor households. Trans-
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fers may try to target not only the unlucky households but also the poor households.

Transfers are then used to reallocate income from richer households to poorer households.

In this case, transfers do not depend on shocks but on income differentials.

In summary, while many researchers have studied the effectiveness of various risk

pooling strategies, most can only answer whether risk is fully insured. In this chapter

I use continuous rather than discrete measures of shocks which are constructed from a

regression of income on income determinants. How much risk pooling households achieve

through transfers can be studied based on the shocks I construct.

This chapter is organized as follows. Section 2.2 describes the dataset. Section 2.3

gives the econometric specification. Section 2.4 discusses the results. Section 2.5 concludes

the chapter.

2.2 Data

The data used in this chapter are from the Ethiopia Rural Household Survey (ERHS).

The survey data were collected by the Economics Department of Addis Ababa University

in collaboration with the Center for the Study of African Economies at Oxford University

and the International Food Policy Research Institute. The EHRS is one of the few panel

data sets available at the household level in Africa. In 1989, around 450 households in

six sites were initially surveyed for a famine study. Three more sites were added in 1994–

1995 to include areas north of Debre Birhan, which could not be surveyed in 1989 due

to military conflict. Six other sites were also added to cover the main agroclimatic zones

and farming systems of the richer parts of the country2.

In total 1,477 households were surveyed in the beginning of 1994. In constructing the

panel, the sample was stratified to ensure a sufficient coverage of the main farming sys-

tems and of female and landless households. These households have been re-interviewed

several times subsequently. New survey rounds took place in the second half of 1994, in

1995, 1997, 1999 and 2004. The data from the first five of the seven rounds are publicly

available. Since the 1989 survey used a very different questionnaire from the later rounds

and also covered different villages, I only use the data from the 1994 (two rounds), 1995

and 1997 surveys in this chapter.

The data set provides detailed information on household income and assets as well as

transfers. Means and standard deviations of household income and assets can be found

in Table 2.1. The income data are collected by asking about four sources of household

income: farm income, labor income, livestock income and transfer income.

Land is allocated by Peasant Associations3. Selling land is illegal though renting

2This section mainly draws on Dercon and Krishnan (1998).
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Table 2.1: Definitions and descriptive statistics of the variables
Variables Definition Mean S. D.
yearly income (y) Household income excluding transfers (in Birr) 2,933.32 13,585.41
male (m) Male household members (age≥16) 1.48 1.06
female (f) Female household members (age≥16) 1.54 0.94
child (ch) Household members aged between 6 and 15 1.81 1.53
livestock (k) Value of the livestock owned by the household (in Birr) divided by 1000 2.06 3.16
land (lan) Land owned by the household (in hectares) 2.49 38.81
other assets Value of other productive assets (hoes, plows, etc.) owned by household (in Birr) 52.65 148.73
landless Dummy:=1 if the household has no land; 0 if not 0.09 0.29
land quality Share of land which is lem (good land) 0.42 0.43
plant coffee Dummy:=1 if the household has (a) coffee plant(s); 0 if not 0.27 0.44
plant qat Dummy:=1 if the household has (a) chat plant(s); 0 if not 0.13 0.34
plant false banana Dummy:=1 if the household has (a) false banana plant(s); 0 if not 0.29 0.45
plant eucalyptus Dummy:=1 if the household has (a) eucalyptus plant(s); 0 if not 0.34 0.47
female head Dummy:=1 if the household head is female; 0 if not 0.21 0.41
head age Age of the household head 46.40 16.42
head education Years of education of the household head 1.52 2.74
haresaw Dummy:=1 if the household in Haresaw site; 0 if not 0.05 0.22
geblen Dummy:=1 if the household in Geblen site; 0 if not 0.04 0.20
dinki Dummy:=1 if the household in Dinki site; 0 if not 0.06 0.23
debre Dummy:=1 if the household in Debre Berhan site; 0 if not 0.13 0.33
yetmen Dummy:=1 if the household in Yetmen site; 0 if not 0.04 0.20
shumsha Dummy:=1 if the household in Shumsha site; 0 if not 0.09 0.29
sirbana Dummy:=1 if the household in Sirbana Godeti site; 0 if not 0.07 0.25
adele Dummy:=1 if the household in Adele Keke site; 0 if not 0.07 0.25
korod Dummy:=1 if the household in Koro-degaga site; 0 if not 0.08 0.27
turfe Dummy:=1 if the household in Turfe Kechemane site; 0 if not 0.07 0.26
imdibir Dummy:=1 if the household in Imdibir site; 0 if not 0.05 0.21
azedeboa Dummy:=1 if the household in Aze Deboa site; 0 if not 0.05 0.22
addado Dummy:=1 if the household in Addado site; 0 if not 0.09 0.29
garagodo Dummy:=1 if the household in Gara Godo site; 0 if not 0.07 0.25
doma Dummy:=1 if the household in Doma site; 0 if not 0.05 0.21

obs. 4,164

Source.—Author’s calculation using the ERHS data.
Note.—1 Birr ≈ 0.1 USD. Observations with missing values are not included.
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and share-cropping exist4. Livestock are the most important productive assets for the

households in the surveyed villages. Other productive assets like hoes and plows amount

to only 7% of the value of livestock5.

As the survey was designed in 1989 for studying the drought in 1984-1985, questions

about shocks were asked in each round of the survey. For example, information about

rainfall and shocks on crops is included in the dataset. The data also contain informa-

tion about changes in household composition, and birth and death of livestock. However,

since the questions are mainly in the form of yes and no, the data do not contain much

quantitative information of risk. Thus in this chapter I measure risk based on observed

income.

The ERHS data provide information about households’ transfer income from which

the amount of transfers each household receives can be identified. The income data in-

clude not only food aid but also other income from transfers. The data indicate whether

the transfer is from friends and relatives6 or from government and NGOs, and how much

each household earns from food-for-work programs.

The transfers households hand out are part of their expenditures. Taxes and contribu-

tions to peasant associations are treated as the transfers to government/NGOs. Transfers

to friends and relatives include several types of transfers: food the household gives out,

educational and medical expenses the household pays for members of other households,

contributions to church and iddir, and contributions for livestock loss (Erteban).

The first round (in 1994), third round (in 1995) and fourth round (in 1997) of the

surveys were conducted in similar seasons. In the first round and fourth round surveys,

information of transfers including all those given and received in the four months before

the surveys was collected. For comparison purposes, the data of the third round survey

are adjusted if the time between the second round survey and the third round survey is

not four months.

The descriptive statistics for transfers are given in Table 2.2. There are three charac-

teristics of the transfers that should be noted. First, we can see from the big differences

between the 99th percentiles and the maxima that there are a few observations with very

3In Ethiopia, a peasant association is not a farmers’ self-help group as the name might suggest, but
the lowest tier of civil administration. Peasant association can be considered as a local government
institution covering one or more villages so transfers to and from peasant associations can be considered
as a component of transfers to and from government/NGOs.

4During the initial land reform in 1975 and the subsequent redistributions, peasant associations were
instructed to use household size as the criterion to allocate land. There were also other factors that
determine land allocation. Examples include land quality, if the household was newly formed, if the
household had cultivated on a certain land before the land reform etc.

5Calculated using the ERHS data.
6Transfers from organizations like the iddir funeral association are also included in this category since

these transfers are from households’ social networks and are part of the mutual support.
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high levels of transfers. These observations are very likely to reflect measurement errors.

For example, the units of the in-kind transfers may have been recorded incorrectly in the

survey.

Second, the amount of “food given out” is large compared to other transfers. Since

Table 2.2: Descriptive statistics of the transfers
Variables Obs.a Mean Median S.D. 99th percentile Max
Total transfers in 1, 062 136 57 500 1, 300 14, 319
Transfers in from government/NGOs 445 112 47 687 492 14, 319
Food for work 242 120 76 128 603 955
Transfers in from friends/relatives 438 150 48 343 1, 969 3, 518

Total transfers outb 3, 474 39 22 68 272 1, 499
Transfers out to government/NGOs 2, 075 28 19 59 187 1, 396
Transfers out to friends/relatives 3, 136 24 11 47 187 1, 081
Food given out 224 584 331 707 3, 494 4, 387

Note.—All the statistics are based on the amount of transfers for four months (the unit is Birr).
a The number of the nonzero observations.
b Food given out are excluded.

only the amount of food given out one week before each survey was asked, the data have

to be multiplied by a large number (17.3) to make it a four-month total. Thus I consider

these data to be noisy and exclude them from the later analyses.

Third, transfer levels are generally low. Because of the outliers, the medians are prob-

ably better measures of the level than the means. Compared to the income level in Table

2.1, transfers amount to less than 15 percent of income (obtained by multiplying transfers

by 3 to adjust the 4 month total to a yearly total).

The extent to which transfers insure against income risk depends not only on average

transfer levels but also on their distributions. In Table 2.3, I list the medians of income, the

value of transfers given out and received and the percentage of households which give out

or receive transfers in each village in each year. It is clear from the table that a high per-

centage of households hand out transfers, but transfers received are location-dependent,

for both transfers from government and NGOs and friends and relatives. Comparing the

medians of income to the percentages of households which receive and hand out transfers

in villages, I find some cases which may reflect income redistribution. For example, in the

rich village Sirbana Godeti almost all the households transfer out, while in the relatively

poor village Shumsha a high percentage of the households receive transfers from govern-

ment/NGOs7. Risk pooling is less clear from Table 2.3. Some cases which may reflect

7To provide more formal evidence of this, I regress the value and the percentage of transfers on the
median of income. The results are reported in Table 2.B1 in Appendix B. I find that the richer villages
receive less from government/NGOs and the richer villages pay out more to both government/NGOs and
friends/relatives. These findings are all in line with income redistribution. The only exception is transfers
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insurance can be found. For example, the income in Geblen in 1997 is much lower because

of a drought than that in the other two years, so 63% of the households in the village get

transfers from government/NGOs. However, for villages like Adele Keke and Gara Godo,

Table 2.3 seems to show that there is no risk pooling as they get transfers in the years

with higher medians of income. Of course comparing the village median income in a year

to that of the other years is not a precise way in measuring risk. In addition it excludes

all idiosyncratic shocks. Section 2.3 will provide a sophisticated way to measure shocks

and further explore the issue of risk pooling and income distribution in the 15 Ethiopian

villages.

Table 2.3: Value of transfers and percentage of households which received and handed
out transfers

Village Year Median Government/NGOs Friends/Relatives
of income Transfers in Food for work Transfers out Transfers in Transfers out

Haresaw 94 1, 096 0a (0%)b 6, 121 (62%) 59 (24%) 189 (4%) 162 (38%)
95 460 262 (5%) 2, 455 (23%) 443 (25%) 379 (1%) 116 (25%)
97 1, 169 94 (3%) 2, 590 (15%) 763 (57%) 747 (12%) 605 (72%)

Geblen 94 529 141 (2%) 5, 790 (78%) 17 (2%) 0 (0%) 70 (13%)
95 334 80 (2%) 42 (2%) 0 (0%) 0 (0%) 0 (0%)
97 135 2, 716 (63%) 255 (5%) 328 (34%) 129 (2%) 80 (27%)

Dinki 94 577 0 (0%) 0 (0%) 829 (49%) 258 (1%) 276 (32%)
95 155 0 (0%) 0 (0%) 395 (32%) 49 (3%) 139 (20%)
97 967 0 (0%) 0 (0%) 82 (5%) 555 (4%) 247 (47%)

Debre Berhan 94 3, 054 258 (1%) 0 (0%) 2, 392 (69%) 1, 067 (7%) 1, 527 (78%)
95 1, 597 361 (2%) 0 (0%) 1, 775 (88%) 5 (1%) 1, 263 (88%)
97 2, 878 0 (0%) 0 (0%) 838 (19%) 755 (6%) 2, 495 (94%)

Yetmen 94 1, 588 0 (0%) 0 (0%) 1, 181 (89%) 0 (0%) 1, 171 (60%)
95 2, 159 0 (0%) 0 (0%) 539 (89%) 55 (5%) 254 (74%)
97 3, 460 0 (0%) 13 (2%) 274 (22%) 205 (5%) 659 (65%)

Shumsha 94 689 30, 626 (96%) 0 (0%) 2, 433 (81%) 795 (3%) 3, 512 (87%)
95 784 4, 175 (60%) 955 (1%) 999 (72%) 414 (8%) 1, 286 (86%)
97 1, 049 2, 820 (55%) 0 (0%) 185 (8%) 296 (3%) 4, 169 (90%)

Sirbana Godeti 94 3, 716 115 (1%) 0 (0%) 2, 145 (87%) 56 (1%) 3, 284 (96%)
95 3, 357 0 (0%) 0 (0%) 1, 169 (81%) 437 (4%) 2, 242 (96%)
97 3, 646 202 (1%) 0 (0%) 5, 062 (73%) 461 (3%) 7, 083 (100%)

Adele Keke 94 1, 689 0 (0%) 3, 151 (21%) 4, 347 (71%) 1, 699 (8%) 1, 722 (34%)
95 2, 262 0 (0%) 380 (1%) 300 (19%) 1, 023 (18%) 322 (35%)
97 2, 766 3, 146 (59%) 168 (1%) 12, 158 (78%) 695 (6%) 2, 240 (70%)

Koro-degaga 94 1, 053 69 (1%) 0 (0%) 2, 213 (94%) 3, 979 (28%) 1, 408 (89%)
95 1, 970 516 (17%) 0 (0%) 1, 344 (82%) 6, 427 (28%) 1, 583 (92%)
97 2, 626 506 (3%) 0 (0%) 2, 323 (40%) 9, 540 (20%) 1, 789 (89%)

Turfe Kechemane 94 2, 508 587 (3%) 0 (0%) 138 (16%) 7, 842 (19%) 1, 837 (93%)
95 3, 787 1, 413 (1%) 642 (12%) 1, 224 (90%) 3, 931 (19%) 2, 476 (91%)
97 3, 862 0 (0%) 0 (0%) 8 (1%) 2, 964 (10%) 2, 891 (96%)

Imdibir 94 4, 354 75 (1%) 613 (6%) 59 (3%) 2, 990 (10%) 3, 742 (99%)
95 1, 431 86 (13%) 2, 708 (51%) 592 (52%) 2, 616 (31%) 1, 004 (97%)
97 1, 524 160 (18%) 0 (0%) 901 (47%) 3, 962 (40%) 2, 175 (98%)

Aze Deboa 94 1, 287 0 (0%) 0 (0%) 183 (5%) 1, 081 (14%) 6, 481 (90%)
95 1, 751 68 (3%) 0 (0%) 2, 218 (69%) 363 (13%) 1, 527 (100%)
97 2, 155 414 (1%) 0 (0%) 139 (4%) 3, 065 (19%) 1, 177 (97%)

Addado 94 1, 308 22 (1%) 0 (0%) 1, 832 (63%) 55 (1%) 2, 961 (76%)
95 2, 003 0 (0%) 0 (0%) 1, 720 (55%) 2, 459 (2%) 1, 390 (71%)
97 3, 082 0 (0%) 0 (0%) 1, 211 (38%) 130 (5%) 3, 188 (95%)

Gara Godo 94 592 0 (0%) 49 (1%) 1, 314 (71%) 1, 068 (13%) 2, 920 (93%)
95 934 0 (0%) 266 (12%) 922 (74%) 47 (4%) 620 (84%)
97 1, 199 623 (7%) 82 (1%) 22 (3%) 2, 761 (96%) 653 (97%)

Doma 94 859 34 (1%) 0 (0%) 958 (74%) 75 (1%) 353 (56%)
95 456 83 (4%) 2, 856 (73%) 322 (34%) 16 (3%) 154 (34%)
97 1, 036 70 (2%) 0 (0%) 226 (16%) 0 (0%) 538 (50%)

Source.—Author’s calculation using the ERHS data.
Note.—The unit of transfers is Birr. Food given out is excluded from transfers out to friends/relatives.
a The value of transfers.
b The percentage of households which receive and hand out transfers.

in from friends/relatives, for which richer villages receive more. I am indebted to one of the referees for
suggesting these regressions.
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2.3 The effects of transfers, risk pooling and redis-

tribution

2.3.1 The income equation and measures of shocks

In this section, I construct two kinds of shocks: covariant income shocks and idiosyncratic

income shocks. Several methods have been used in the literature to measure income

shocks. Rosenzweig (1988) uses the difference between a household’s income and its mean

income over a nine-year panel. Jacoby and Skoufias (1997) define the idiosyncratic shock

as the deviation of the change in log full income from the change in the village-season-year

mean and the aggregate shock as the mean change itself. Kochar (1999) measures income

shocks as the residual in a regression of crop profits on a household fixed effect, lagged

income and the amount of land owned. Similar to Kochar (1999), I define my income

shocks as the difference between household income yt (excluding transfers) at period t and

the household’s expected income Et−1yt (excluding transfers) at period t−1 as determined

from a regression of yt on a set of income determinants. I assume that income depends

on three components: capital, labor and land. In the ERHS context, capital takes the

form of livestock. Demographic variables and other household characteristics are used as

additional predictors. As mentioned in Section 2.2, the data contain some information

about income related shocks so they are also included in the regressors. Using a constant

elasticity of substitution (CES) as the functional form of the income function8, household

income is modeled as

yvht = (α1k
−ρ
vht−1 + α2lab

−ρ
vht−1 + α3lan

−ρ
vht−1)

− τ
ρ

exp(
∑

i

ηiai,vht−1 +
∑

j

φjcj,vh +
∑

t

ψtlt +
∑

p

λpwp,vht

+
∑

q

χqoq,vht + cons+ evht), (2.1)

labvht−1 = mvht−1 + β1fvht−1 + β2chvht−1, (2.2)

where v, h, t are indexes of village, household, time respectively and αi, βi, ηi, φj, ψt,

λp and χq are coefficients. The parameter τ is the scale return of production and ρ is

the substitution parameter. The variable y is household income excluding transfers, k

is livestock, lab is the aggregate household labor as defined in equation (2.2), and lan

is land. The variables m, f and ch are the male, female and children in the household

respectively9. The variables ai and cj denote time-variant and time-invariant predictors,

8This functional form and the choice of most of the variables are based on Cockburn (2002).
9This measure of labor is not responsive to shocks. With the setting of this chapter, if labor is indeed

responsive to shocks, it will be counted as a shock itself.
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respectively10. The definitions of these variables are listed in Table 2.1. Village dummies

are included in the variables cj to capture the village fixed effect. The variable lt denotes

the year dummies. The variable wp denotes observed weather related shocks and oq de-

notes the other observed shocks. Table 2.4 lists the definitions of wp and oq. Weather

related shocks are the shocks caused by rain, temperature, storm and flood. Other shocks

are shocks on crops caused by diseases, livestock, birds, and shocks on livestock and the

composition of households. The variable cons is a constant and e is the error term.

Table 2.4: Definitions of variables of observed shocks
Variables Definition

w1 Dummy:=1 if the household reported that the rain came on time in the previous farming season; 0 if not
w2 Dummy:=1 if the household reported that there was enough rain in the previous farming season; 0 if not
w3 Dummy:=1 if the household reported that the rain stopped on time in the previous farming season; 0 if not
w4 Dummy:=1 if the household reported that there was enough rain in the harvest in the previous farming

season; 0 if not
w5 Dummy:=1 if the household reported that crops suffered from low temperature in the previous farming

season; 0 if not
w6 Dummy:=1 if the household reported that crops suffered from wind/storm in the previous farming season;

0 if not
w7 Dummy:=1 if the household reported that crops suffered from flooding/water logging in the previous farming

season; 0 if not
o1 Dummy:=1 if the household reported that crops suffered from diseases in the previous farming season; 0 if

not
o2 Dummy:=1 if the household reported that crops suffered from livestock eating/trampling in the previous

farming season; 0 if not
o3 Dummy:=1 if the household reported that crops suffered from birds/other animals in the previous farming

season; 0 if not
o4 Dummy:=1 if the household reported that crops suffered from weed damage in the previous farming season;

0 if not
o5 The size of land which was allocated to the three crops which were reported by households to be most

affected by weather, insects, diseases etc. weighted by the severity of the affection

o6 livestock shock: bvht−dvht
kvh,t−1

, where bvht is the birth of livestock in value and dvht is the death of livestock in

value

o7
dhvht

hhsizevh,t−1

, where dhvht is the number of household member who died and hhsizevh,t−1 is the size of

household in the beginning of the year

o8
joinvht

hhsizevh,t−1

, where joinvht is the number of household member who joined the household and hhsizevh,t−1

is the size of household in the beginning of the year

It should be noted that in the income function defined in equations (2.1) and (2.2) the

error term evht is correlated across households. Since village dummies and year dummies

are included in cj and lt, evht can be written as

evht = gvt + bvh + nvht, (2.3)

where gvt, bvh and nvht denote the unobserved village specific shocks, the household effect11

and the unobserved idiosyncratic shocks respectively and gvt ∼ N(0, σ2
g), bvh ∼ N(0, σ2

b ),

10Since stratification was used in choosing households to survey, I include indicator variables for landless
and female households in ai in order to pool all the data. The information for weighing the sample is
limited, as stated in the data description by Dercon and Hoddinott (2004), so no sampling weights are
used in the regressions.

11Since the panel is short and the income equation is highly nonlinear, estimating the income equation
with a household fixed effect does not give sensible estimates of the coefficients.
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nvht ∼ N(0, σ2
n).

I also allow for serial correlation in the shocks:

cov(evh,94, evh,95) = cg1σ
2
g + σ2

b + cn1σ
2
n = σ2

1, (2.4)

cov(evh,95, evh,97) = cg2σ
2
g + σ2

b + cn2σ
2
n = σ2

2, (2.5)

cov(evh,94, evh,97) = cg3σ
2
g + σ2

b + cn3σ
2
n = σ2

3. (2.6)

where cg1, c
g
2 and cg3 are the correlations of the village specific shocks and cn1 , cn2 and cn3 are

the correlations of the unobserved idiosyncratic shocks.

Income is often found to be measured with errors in household surveys. These errors

can be caused by a tendency of the surveyed households to underreport their income, recall

bias, etc. In addition, as the income data in the ERHS were collected by asking about

household income from possible sources, such as from farm income and wage income, an

incomplete list of income sources in the questionnaire can also cause errors in measuring

income. As these causes apply to every round of the survey and are likely to affect income

in each round in the same way, it may well be reasonable to assume that the errors in

measuring income are constant over time.

Under the assumptions that the errors in measuring income are constant and they are

not correlated to the explanatory variables in the income equation (equation (2.1)) and

the components of the error term (gvt and nvht), the errors in measuring income are a

component of bvh. Since I have included as many variables which capture the household

fixed effect as possible in the explanatory variables of the income equation (age, education

of the household head etc.), a big part of bvh should be the errors. Estimating bvh should

allow me to deal with the errors to some extent.

Accordingly I can now write the expected income Et−1(yvhtexp(−bvh)) as:

Et−1(yvhtexp(−bvh)) = (α1k
−ρ
vht−1 + α2lab

−ρ
vht−1 + α3lan

−ρ
vht−1)

− τ
ρ exp(

∑

i

ηiai,vht−1

+
∑

j

φjcj,vh + cons) × Et−1 exp(
∑

p

λpwp,vht

+
∑

q

χqoq,vht +
∑

t

ψtlt + gvt + nvht). (2.7)

Assuming
∑

p λpwp,vht +
∑

q χqoq,vht +
∑

t ψtlt ∼ N(0, σ2
o), I can rewrite equation (2.7) as:

Et−1(yvhtexp(−bvh)) = (α1k
−ρ
vht−1 + α2lab

−ρ
vht−1 + α3lan

−ρ
vht−1)

− τ
ρ exp(

∑

i

ηiai,vht−1

+
∑

j

φjcj,vh + cons+
σ2

o + σ2
g + σ2

n

2
), (2.8)
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and the shock can be defined as:

sy
vht = yvhtexp(−bvh) − Et−1(yvhtexp(−bvh))

= Et−1(yvhtexp(−bvh))(exp(
∑

p

λpwp,vht +
∑

q

χqoq,vht +
∑

t

ψtlt

+gvt + nvht −
σ2

o + σ2
g + σ2

n

2
) − 1),

= Et−1(yvhtexp(−bvh))(exp(dy
vht) − 1). (2.9)

where dy
vht =

∑
p λpwp,vht +

∑
q χqoq,vht +

∑
t ψtlt + gvt + nvht − σ2

o+σ2
g+σ2

n

2
.

I use Feasible Generalized Least Squares to estimate this model. The details of the

estimation procedure can be found in Appendix A. Table 2.5 shows the estimation results

of the income function.

From estimating the income function, I obtain the residual from the estimation which

is an estimate of evht (denoted by êvht). I regress êvht on the village dummies to get an

estimate of gvt (denoted by ĝvt).

To obtain an estimate of bvh, I regress êvht − ĝvt on the household dummies. This

allows me to obtain an estimate of bvh + nvht (denoted by ̂bvh + nvht). Since the panel is

short, it is not reasonable to assume that nvht is equal to zero. Thus it is necessary to

exclude it from ̂bvh + nvht in order to obtain an estimate of bvh. I achieve this by regressing
̂bvh + nvht on the change of the crops households stored from the first round to the fourth

round.

This is based on the understanding that households store crops when there is a good

harvest and consume or sell them when there is a bad harvest. Therefore, if the average

shock is positive (negative) in the period from year 94 to year 97, the crops households

stored should increase (decrease) in this period. This relation can be written as:

∑

p

λpwp,vht +
∑

q

χqoq,vht +
∑

t

ψtlt + gvt + nvht = f(crvh97 − crvh94) + er, (2.10)

where crvh94 and crvh97 are the crops the household stored in the first and the fourth

round respectively, er is the error term and f(·) is a functional form12.

Since the variable ‘crop storage’ can be measured without many difficulties in house-

hold surveys, it is unlikely that it is correlated with the errors in measuring income.

12The form of f(·) used in this chapter is δ1 + δ2(crvh97 − crvh94)/(0.5(crvh97 + crvh94) + 1), where δ1

and δ2 are coefficients. Dividing by the mean of crvh97 and crvh94 makes the expression unit-free and
adding 1 makes it possible to include the observations with no crop stored in both the first and the fourth
round.
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Table 2.5: Estimation results of the income function
Dependent variable: Income
Independent variables Coef. t-statistic
scale return (τ) 0.642∗∗∗ 16.31
substitution (ρ) −0.485∗∗∗ −6.71
livestock (α1) 0.269∗∗∗ 7.42
labor (α2) 0.448∗∗∗ 9.87
land (α3) 0.283∗∗∗ 6.86
female (β1) 0.410∗∗∗ 3.91
kid (β2) 0.281∗∗∗ 3.84
landless 0.263∗∗∗ 2.62
land quality 0.099∗∗ 2.45
plant coffee 0.406∗∗∗ 5.72
plant qat 0.338∗∗∗ 4.68
plant false banana −0.050 −0.66
plant eucalyptus 0.091∗∗ 2.31
female head −0.130∗∗∗ −2.69
head age −0.005∗∗∗ −4.16
head education 0.031∗∗∗ 4.61
haresaw −0.484∗∗ −2.10
geblen −1.267∗∗∗ −5.39
dinki −1.002∗∗∗ −4.35
yetmen −0.009 −0.04
shumsha −0.502∗∗ −2.23
sirbana 0.532∗∗ 2.35
adele 0.174 0.74
korod −0.091 −0.40
turfe 0.468∗∗ 2.01
imdibir −0.099 −0.38
azedeboa −0.385 −1.55
addado 0.328 1.31
garagodo −0.726∗∗∗ −2.99
doma −0.667∗∗∗ −2.86
year95 −0.059 −0.58
year97 0.316∗∗∗ 3.09
constant 6.902∗∗∗ 36.32
observed shocks not reported
obs. 4, 164
R-squared 0.45

Note.—The parameter α3 is calculated using α3 = 1 − α1 − α2.
∗ Significant at the 10% level.
∗∗ Significant at the 5% level.
∗∗∗ Significant at the 1% level.
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Therefore, if I regress

Uvht = ̂bvh + nvht +
∑

p

λ̂pwp,vht +
∑

q

χ̂qoq,vht +
∑

t

ψ̂tlt + ĝvt (2.11)

on f(crvh97 − crvh94), the residual from this regression can be used as an estimate of bvh.

The results of this regression are reported in Table 2.B2 in Appendix B.

With the estimates of the coefficients in the income equation and the estimates of gvt,

bvh and nvht
13, the expected value of income and the shock defined in equation (2.8) and

(2.9) can be calculated. I then regress dy
vht on village-year dummies to decompose it into

the covariant part (denoted by dcov
vht) and the idiosyncratic part (denoted by dind

vht). Then

the total income shocks sy
vht can be decomposed into two parts: the covariant income

shock scov
vht and the idiosyncratic income shock sidi

vht
14:

scov
vht =

dcov
vht

dy
vht

sy
vht, (2.12)

sidi
vht =

dind
vht

dy
vht

sy
vht. (2.13)

2.3.2 Transfers, risk pooling and redistribution

To study the relation between transfers, risk and income, I specify the following equation

to model the functions of risk pooling and redistribution of transfers:

trvht = γ1s
cov
vht + γ2s

idi
vht + θ(Et−1yvht − Et−1yvt)

+
∑

i

κixi,vht−1 +
∑

i

ξizi,vh + cons+ rvht, (2.14)

where tr is the net transfer the household gets. The control variables are denoted by xi

and zi, in which village dummies are also included. The constant term is denoted by cons.

The variable r is the error term. The parameters γi, θ, κi, ξi are coefficients.

To study the function of insurance, I put on the right hand side the measures of

covariant and idiosyncratic shocks15: scov
vht and sidi

vht, which measure the values of gains

13The estimate of nvht is the sum of the residual from regressing êvht − ĝvt on the household dummies
and the estimate n̂vht.

14Decomposed in this way, the shock measures have the following characteristics: 1. scov
vht + sidi

vht = sy
vht;

2. scov
vht and dcov

vht have the same sign and sind
vht and dind

vht have the same sign; 3. When sy
vht goes to zero,

dy
vht, scov

vht and sidi
vht also go to zero.

15One may argue that the study can be done by putting the observed shocks directly into equation
(2.14) and there is no need to construct scov

vht and sidi
vht. There are two reasons that the method described

in this chapter is preferred. First, only a subset of the shocks are observed. Second, most of the observed
shocks are only qualitative measures of the shocks. The method used in this chapter provides a way to
measure the shocks quantitatively and integrate all the shocks into two measures. If I do a regression of
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(losses) from shocks and γ1, γ2 measure the contribution of transfers to risk pooling

directly.

To capture the role that transfers may play in transferring from richer households

to poorer households, I put on the right hand side the difference between the expected

income of the household and the median of the expected income in the village. If transfers

do play a pro-poor role, poorer households should receive more transfers than the richer

households. Choosing expected income instead of real income here is based on the asset-

based view in measuring poverty, since expected income depends only on the household’s

assets and productivity. The parameter θ measures the effects of transfers on reallocating

income.

2.4 Results

2.4.1 Results on net transfers

Table 2.6 shows the estimation results of equation (2.14). The three columns show the

results for net total transfers, net transfers from government/NGOs and net transfers

from mutual support respectively. The coefficients γ1 and γ2 measure how much covari-

ant shocks and idiosyncratic shocks are insured through transfers respectively and the

coefficient θ measures the income redistribution role. Evidence on the two roles transfers

from government/NGOs may play (the insurance role and the redistribution role) can

be found in Table 2.6. The coefficient γ1 is significant but γ2 is insignificant in column

2, which means that covariant shocks are insured by transfers from government/NGOs

but idiosyncratic shocks are not insured16. There is statistically significant evidence that

transfers from government/NGOs go from households with high expected income to the

ones with low expected income since θ is significant in column 217.

Transfers from friends/relatives are not found to insure neither covariant nor idiosyn-

cratic shocks since both γ1 and γ2 are insignificant in column 3. Like the results in column

transfers on the observed shocks, because of the omitted variables in the regression and the collinearity
between the variables of the observed shocks, some of the estimates of the coefficients do not seem to be
sensible. Moreover, since the observed shocks are only a subset of the shocks, it is hard to evaluate the
extent of risk pooling by investigating these coefficients.

16One may argue that transfers should have two components: the expected transfers (tr1) and the
unexpected transfers (tr2). tr1 might respond to tr2. This makes it desirable to regress tr1 on the sum
of tr2 and the shocks derived in the chapter. Unfortunately the data do not allow breaking the transfers
into tr1 and tr2. However, suppose this were feasible, then the estimates I report in the chapter should
be an overestimate of the true impact of transfer on risk pooling (attenuation bias). This reinforces my
conclusion that the impact of transfers on risk pooling is very small.

17Regressing taxes and contributions to peasant associations on the independent variables in Table 2.6
(results not shown), I find that these taxes and contributions contribute to income redistribution. This
is the main reason that transfers from government/NGOs are found to play a role in redistribution.
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Table 2.6: Results on net transfers
Dependent variables: Net total Net transfers from Net transfers from

transfers government/NGOs mutual support
Independent variables (1) (2) (3)
scov

vht (γ1) −0.0056∗∗∗
(−3.14)

−0.0045∗∗∗
(−3.56)

−0.0011
(−0.86)

sidi
vht (γ2) 0.0002

(0.30)
0.0005
(1.06)

−0.0003
(−0.66)

Et−1yvht − Et−1yvt (θ) −0.0070∗∗∗
(−5.41)

−0.0030∗∗∗
(−3.90)

−0.0040∗∗∗
(−4.18)

landless 1.024
(0.29)

−1.296
(−0.55)

2.320
(0.94)

land quality 0.471
(0.17)

−1.955
(−0.97)

2.426
(1.23)

plant coffee −3.755
(−0.86)

−2.274
(−0.98)

−1.481
(−0.41)

plant qat −5.076
(−0.92)

−6.810∗∗
(−2.15)

1.734
(0.39)

plant false banana −3.897
(−0.80)

1.457
(0.83)

−5.354
(−1.23)

plant eucalyptus −4.890
(−1.63)

−1.840
(−0.84)

−3.050
(−1.60)

female head 2.666
(0.91)

−2.584
(−1.22)

5.250∗∗∗
(2.59)

head age 0.187∗∗∗
(2.69)

0.104∗∗
(2.36)

0.083
(1.54)

head education 0.553
(1.28)

0.489∗∗
(2.16)

0.063
(0.18)

constant −22.544∗∗∗
(−4.94)

−11.904∗∗∗
(−4.16)

−10.640∗∗∗
(−3.05)

village dummies not reported

obs. 4, 080 4, 080 4, 080
R-squared 0.16 0.20 0.08

Note.—t-statistics shown in brackets are based on robust standard errors.
∗ Significant at the 10% level.
∗∗ Significant at the 5% level.
∗∗∗ Significant at the 1% level.
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2, there is evidence that transfers from friends/relatives play a role in redistribution since

θ is significant in column 3 in Table 2.618.

The findings on risk pooling through mutual support are consistent with what the

literature has suggested. As stated in Dercon (2005b), the effectiveness of the informal

arrangements varies according to the type of shocks. Additionally, informal risk-sharing

networks can only insure idiosyncratic but not covariant shocks, since the networks are

mainly restrained within a certain boundary (e.g. villages). Table 2.6 shows that house-

holds are indeed not able to insure covariant shocks through transfers as γ1 in column 3

is insignificant. Within the network, evidence on risk-sharing (though not complete risk-

sharing) has been found for many countries (e.g., Jalan and Ravallion 1999 for China;

Ravallion and Chaudhuri 1997 for India; De Weerdt and Dercon 2006 for Tanzania).

However, in these studies the contributions of transfers on risk-sharing cannot be distin-

guished from the contributions of other risk-sharing institutions. Morduch (1999) suggests

that transfers from mutual support only play a minor role in risk-sharing especially where

migration is limited. The risk-sharing of idiosyncratic shocks through mutual support is

indeed found to be insignificant in these 15 Ethiopian villages in Table 2.6.

The results show that transfers from government/NGOs insure covariant shocks (the

coefficient γ1 is significantly negative in column 2) and idiosyncratic shocks are not signif-

icantly insured by transfers from government and NGOs (γ2 in column 2 is not significant

at the 10% level in Table 2.6). Different from transfers from mutual support, transfers

from government/NGOs have the ability to help the households pool covariant shocks. As

just mentioned, households are not able to pool covariant shocks by relying on their social

networks. Thus it is even more necessary for the government and NGOs to insure common

shocks like drought, flood etc. Transfers from government and NGOs which target the co-

variant shocks can always play a role as a useful safety net to guarantee the effectiveness

of the risk-sharing arrangement, as the system of informal risk-sharing arrangement is

more likely to be down when income is in general low (Coate and Ravallion 1993). There

can be two reasons that idiosyncratic shocks are not insured by transfers from govern-

ment/NGOs. First, insuring idiosyncratic shocks is difficult and costly since idiosyncratic

shocks are much more challenging to be detected by external agencies. Second, in the

communities where well-functioning risk-sharing arrangements exist, households can fully

18As mentioned in Section 2.2, extreme values of transfers are observed for some of the households.
These observations may change the results of the estimation. To detect outliers, I use two criteria: 1.
Studentized residuals, Cook’s distance, leverage, DFITS or DFBETA of scov

vht, sidi
vht, Et−1yvht − Et−1yvt

exceed their cutoffs. 2. Household income is in the highest or lowest percentiles, or livestock the household
owns is in the highest percentile, or land the household owns is in the highest percentile, or total transfers
of the household is in the highest or lowest percentiles. If both criteria are satisfied, the observation is
considered to be an outlier and is deleted from the analysis. In total 91 out of 4164 observations are
dropped. Including the outliers in the sample, I found that all the estimates of γ1, γ2 and θ are not
significant at the 10% level. Only γ1 for transfers from government/NGOs is significant at the 15% level.
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insure their idiosyncratic income shocks by pooling risk with their friends and relatives.

In such communities, it may not be necessary for the government and NGOs to target the

idiosyncratic shocks. However, the second reason does not seem to reflect the situation

in Table 2.6, as transfers from friends/relatives are not found to be able to insure the

idiosyncratic shocks.

2.4.2 Results on transfers received

The results shown in the previous section are for regressions on net transfers. However,

some of the components of the outflows of transfers may not be intended for risk pool-

ing, for example the taxes and contributions to peasant associations. Additionally, the

data only provide information on limited categories of outflows of transfers (taxes and

contributions to peasant associations, educational and medical expenses households pay

for members of other households, contributions to church and iddir, and contributions

for livestock loss), therefore the measures of the outflows of transfers may be incomplete.

Therefore, I further study the effect of the inflows of the transfers on risk pooling. I

redo the regressions shown in Table 2.6 but instead of net transfers I put the measures of

transfers received on the left hand side. Considering there may be differences between in-

come from food-for-work programs and other transfers received from government/NGOs,

I do the regressions for them separately. The results are shown in Table 2.7. The three

columns show the results for transfers received from government/NGOs (excluding in-

come from food-for-work programs), income from food-for-work programs and transfers

received from mutual support respectively.

In terms of insurance, the transfers received from government/NGOs and income from

food-for-work programs play a role in insuring covariant shocks (γ1 is equal to −0.0015

with a t-value of −3.16 in column 1 and equal to −0.0031 with a t-value of −3.06 in

column 2). Transfers received from mutual support do not contribute to insuring income

shocks as both γ1 and γ2 are highly insignificant in column 3. These findings are consis-

tent with the results in Table 2.6.

In column 2, γ2 is significantly positive (the value is very close to zero though). This

means that households with negative idiosyncratic income shocks receive less from food-

for-work programs. One explanation is that when there are food-for-work programs set

up at a location suffering from covariant shocks, households suffering higher idiosyncratic

shocks face more constraints to join the programs. For example, if one or more members

of a household are having health problems, the household may find that it does not have

extra labor to join the programs. There is no evidence in Table 2.7 that transfers received

contribute to income redistribution.
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Table 2.7: Results on transfers received
Dependent variables: Transfers received Income from Transfers received

from government food-for-work from mutual
and NGOs programs support

Independent variables (1) (2) (3)
scov

vht (γ1) −0.0015∗∗∗
(−3.16)

−0.0031∗∗∗
(−3.06)

0.0010
(0.93)

sidi
vht (γ2) 0.0001

(0.48)
0.0005∗

(1.76)
−0.000001

(0.00)

Et−1yvht − Et−1yvt (θ) −0.0004
(−0.89)

0.0002
(0.58)

−0.0003
(−0.39)

landless −2.094
(−1.52)

−2.689∗
(−1.89)

2.377
(1.14)

land quality 2.277∗
(1.64)

−1.425
(−1.20)

3.367∗∗
(2.06)

plant coffee −2.879
(−1.64)

−0.662
(−0.55)

−0.328
(−0.11)

plant qat −0.513
(−0.41)

−0.638
(−0.24)

1.246
(0.35)

plant false banana 1.798
(1.32)

0.075
(0.09)

−6.992∗
(−1.76)

plant eucalyptus 0.611
(0.67)

−0.232
(−0.14)

−2.639∗
(−1.73)

female head −1.816
(−1.52)

−2.206
(−1.33)

3.592∗
(1.95)

head age 0.069∗∗
(2.54)

0.036
(1.17)

0.098∗∗
(2.14)

head education 0.332∗∗∗
(2.63)

−0.075
(−0.54)

0.203
(0.81)

constant −3.581∗∗
(−1.98)

−0.767
(−0.43)

−1.842
(−0.67)

village dummies not reported

obs. 4, 080 4, 080 4, 080
R-squared 0.24 0.14 0.05

Note.—t-statistics shown in brackets are based on robust standard errors.
∗ Significant at the 10% level.
∗∗ Significant at the 5% level.
∗∗∗ Significant at the 1% level.
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2.4.3 Results on consumption

The measured shocks described in this chapter can be easily used to study how much

risk is insured in total. Transfers play only a small role in risk pooling in these 15

Ethiopian villages. If getting transfers is the only strategy households use to stabilize

their consumption, their consumption should move almost perfectly along with the shocks.

However, this is not the case. I redo the regression shown in equation (2.14) but put

household yearly consumption on the left hand side instead. The results are shown in

Table 2.8. Consumption does move along with shocks since both γ1 and γ2 are positive.

However, both coefficients significantly differ from 1. The coefficient of the covariant shock

is equal to 0.500 which means that households can only insure about half of the covariant

shocks. The idiosyncratic shocks are however well insured. Only 9% of the variation in

idiosyncratic shocks leads to variation in consumption.

2.5 Conclusion

This chapter studies the role of transfers in risk pooling and income redistribution in

Ethiopia. It explores not just whether but how much risk pooling is achieved through

transfers for households in ERHS villages using a regression based concept of income

shocks. From a regression of net transfers on income shocks, the covariant shocks are

found to be partially insured by transfers from government/NGOs. However, the impact

is very limited. Transfers from mutual support do not play a role in risk pooling. There

is also evidence that transfers play a role in redistributing income from richer to poorer

households.

The results indicate that the aid provided through food aid and food-for-work pro-

grams does not generate much help to the ones who actually need it. Only the covariant

shocks faced by the households are found to be insured by these transfers at a very low

level. Both transfers received from food-for-work programs and other transfers from gov-

ernment/NGOs do not seem to have a significant impact on income redistribution.

The results also provide insights in the scope for introducing formal insurance to in-

sure shocks. Results here have shown that transfers from informal social networks do not

play a role in risk pooling. Even if “crowding out” does happen when formal insurance is

implemented, it will only have a very minor impact on risk pooling.

Since the results on consumption show that households insure part of the covariant

shocks and most of the idiosyncratic shocks, though transfers play only a small role in

insurance, savings may serve an important role in stabilizing consumption in these 15

Ethiopian villages. Therefore, the impact of savings on risk pooling is an essential ques-
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Table 2.8: Results on consumption

Dependent variable: Consumption
Independent variables
scov

vht (γ1) 0.500∗∗∗
(4.71)

sidi
vht (γ2) 0.090∗∗

(2.38)

Et−1yvht − Et−1yvt (θ) 1.270∗∗∗
(13.13)

landless −69.530
(−0.37)

land quality 250.915
(1.55)

plant coffee −412.424∗
(−1.70)

plant qat −583.790∗
(−1.84)

plant false banana −389.133
(−1.47)

plant eucalyptus −73.405
(−0.46)

female head −481.474∗∗∗
(−3.36)

head age 3.998
(1.12)

head education 31.300
(1.05)

constant 6010.490∗∗∗
(19.48)

village dummies not reported

obs. 4, 038
R-squared 0.24

Note.—t-statistics shown in brackets are based on robust
standard errors.
∗ Significant at the 10% level.
∗∗ Significant at the 5% level.
∗∗∗ Significant at the 1% level.
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tion and needs further research19. Though most of the research on risk pooling strategies

studies the impact of different strategies separately, one should notice that the impact of

transfers on risk pooling is not isolated from the impact of other strategies (e.g. savings)

in reality. However, evaluating the impact of the strategies jointly cannot be achieved by

estimating reduced-form regressions. Further research of evaluating the impact of trans-

fers and savings jointly by employing more sophisticated models will be very helpful in

more deeply understanding the behavior of the households.

Appendices

Appendix A: The estimation of the income function

I use Feasible Generalized Least Squares (FGLS) to estimate the income function defined

in Section 2.3.1.

yvht = (α1k
−ρ
vht−1 + α2lab

−ρ
vht−1 + α3lan

−ρ
vht−1)

− τ
ρ

exp(
∑

i

ηiai,vht−1 +
∑

j

φjcj,vh +
∑

t

ψtlt +
∑

p

λpwp,vht

+
∑

q

χqoq,vht + cons+ evht),

labvht−1 = mvht−1 + β1fvht−1 + β2chvht−1,

evht = gvt + bvh + nvht,

cov(evh,94, evh,95) = cg1σ
2
g + σ2

b + cn1σ
2
n = σ2

1,

cov(evh,95, evh,97) = cg2σ
2
g + σ2

b + cn2σ
2
n = σ2

2,

cov(evh,94, evh,97) = cg3σ
2
g + σ2

b + cn3σ
2
n = σ2

3.

which can be written as:

log(yvht) =

(
−τ
ρ

)
log(α1k

−ρ
vht−1 + α2lab

−ρ
vht−1 + α3lan

−ρ
vht−1)

+
∑

i

ηiai,vht−1 +
∑

j

φjcj,vh +
∑

t

ψtlt +
∑

p

λpwp,vht

+
∑

q

χqoq,vht + cons+ evht,

labvht−1 = mvht−1 + β1fvht−1 + β2chvht−1.

19It should be noted from Table 2.8 that consumption is sensitive to income shocks especially to
covariant income shocks, so savings are not sufficient in stabilizing consumption in these 15 Ethiopian
villages.
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It is obvious that the parameters of this function will not be estimated efficiently and

the estimators of the covariance matrix will not be valid if it is estimated by Nonlinear

Least Squares (NLS) because the error terms are correlated through gvt and are also

serially correlated. I use FGLS to estimate this function. The Generalized Least Squares

estimator of this function is

(log(y) − l̂og(y))T Ω−1(log(y) − l̂og(y)),

where l̂og(y) is the fitted value of log(y) and Ω is the variance-covariance matrix of the

error term.

The essential part of the estimation is to obtain an estimate of Ω. If two observations

are from different villages their error terms are not correlated. If two observations are

from the same year and village, the error terms are correlated through gvt. The error

terms are also serially correlated.

To get estimates of the covariance matrix, estimates of the variances of the three

components of the shocks are needed. I do this by first estimating the function using NLS

so I can get estimates of evht (denoted by êvht). After doing a NLS estimation, I perform

the following steps:

1. Run a regression of êvht on the village-year dummies. The fitted values from this

regression are taken as the estimates of gvt (ĝvt) and the residuals are taken as the

estimates of bvh + nvht ( ̂bvh + nvht).

2. Calculate the variances of ĝvt and ̂bvh + nvht to get σ̂2
g and σ̂2

b + σ2
n and plug these

variances into the covariance matrix Ω.

3. Calculate the covariance of e94 and e95 as an estimate of σ̂2
1 and get σ̂2

2 and σ̂2
3 in

the same way. Plug the variances into the covariance matrix Ω.

4. Do the FGLS estimation by using the estimate of Ω.
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Appendix B

Table 2.B1: Results of the regressions using Table 2.3

Variables Median of income Constant Obs. R-square

Government/NGOs

Transfers in - in value −0.639
(−1.06)

2239.06∗
(1.76)

45 0.03

Transfers in - in percentage −0.00005
(−1.65)

0.175∗∗∗
(3.02)

45 0.06

Food for work - in value −0.338∗
(−1.83)

1247.51∗∗∗
(3.20)

45 0.07

Food for work - in percentage −0.00005∗
(−1.91)

0.165∗∗∗
(3.18)

45 0.08

Transfers out - in value 0.420
(1.65)

555.53
(1.03)

45 0.06

Transfers out - in percentage 0.00003
(0.64)

0.421∗∗∗
(4.80)

45 0.01

Friends/Relatives

Transfers in - in value 0.552∗∗
(2.03)

477.81
(0.83)

45 0.09

Transfers in - in percentage 0.000005
(0.22)

0.099∗∗
(2.21)

45 0.01

Transfers out - in value 0.656∗∗
(3.51)

520.30
(1.32)

45 0.22

Transfers out - in percentage 0.00014∗∗
(4.48)

0.467∗∗
(7.13)

45 0.32

Note.—The explanations of the results of this table are in footnote 7. The t-statistics are shown in brackets.
∗ Significant at the 10% level.
∗∗ Significant at the 5% level.
∗∗∗ Significant at the 1% level.

Table 2.B2: Results of the regression on crop storage

Dependent variable: Uvht

Independent variables Coef. t-statistic
crvh97−crvh94

0.5(crvh97+crvh94)+1

a
0.043∗∗∗ 3.28

constant 0.136∗∗∗ 6.69

obs. 1, 461

R-squared 0.007

Note.—The variable Uvht is defined in equation (2.11).
a Footnote 12 explains the reasons to choose this variable.
∗ Significant at the 10% level.
∗∗ Significant at the 5% level.
∗∗∗ Significant at the 1% level.



Chapter 3

Insurance and Rural Welfare: What

Can Panel Data Tell Us?

This chapter is an article published in the journal Applied Economics, see Elbers, Gunning

and Pan (2008).

3.1 Introduction

Insecurity is a key aspect of poverty. There now is substantial evidence that exposure

to risk (in the absence of well-functioning financial markets) is often reflected in very

large volatility of a household’s consumption over time (e.g., Baulch and Hoddinott 2000;

Dercon 2005a). There still is little clarity on the policy implications of such churning. For

example, Rosenzweig and Wolpin (1993) argue that rural households need micro credit,

but Dercon (2005a) favors formal insurance arrangements. While many insurance schemes

are now being piloted (including rainfall insurance in Ethiopia and option contracts on

coffee prices in several African countries) very little is known of their costs and benefits

relative to existing risk coping institutions. To assess new policy initiatives in this area

we need to know more about their welfare effects.

In choosing risk-coping strategies households face, of course, a trade-off between the

mean and the volatility of their income. For example, a household can reduce the volatil-

ity of its income through crop diversification, but it will thereby lower its mean income

by foregoing the gains from specialization. The household thereby pays an implicit risk

premium and this must be taken into account in the evaluation of policy interventions,

such as micro credit, price stabilization or formal insurance. The evaluation should assess

not only the change in volatility as a result of the intervention, but also the change in the

(implicit) premium. Households can also use consumption smoothing by accumulating or
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decumulating assets to cope with risk1. Here the implicit premium is the loss of produc-

tion as a result of using assets for this purpose.

Ideally, the scope for insurance can be evaluated by comparing villages with and with-

out insurance where treatment villages have been selected randomly and the distribution

of shocks is known. Alternatively, if locations differ in risk exposure this can be exploited

as a natural experiment to infer how behavior would change under insurance. Clearly,

the villages must then be similar in all other respects. Matching or differencing offers

some scope for relaxing this requirement but only if all relevant variables are observed.

In practice unobserved heterogeneity is likely to be a major problem. In that case there

is no alternative to estimating a structural model, using panel data. Such a model can

be used to derive how agents would behave if insurance were available, even if no agent

had been observed in that situation. Obviously, this requires estimation of the model’s

structural parameters. An important advantage of this procedure is that the researcher

does not need to know the distribution of the shocks to which the households are exposed;

estimates of the parameters characterizing that distribution will be generated as part of

the estimation procedure.

Lucas (2003) suggested on the basis of a back-of-envelope calculation that insurance

could not have a substantial effect on growth. However, he considered a situation with

much less risk than is common in many developing countries. Unfortunately, for develop-

ing countries there are few empirical studies.

A notable exception is the famous paper by Rosenzweig and Wolpin (1993) (hence-

forth RW). They estimated a structural model using the ICRISAT data collected in three

Indian villages. The model describes investment behavior under risk where investment

in bullocks is the key decision variable. Bullock ownership can take three values: 0, 1

or 2. The model is estimated from data on production and bullock ownership, but not

on consumption. RW stressed that the villagers in their sample participated in an in-

formal insurance arrangement which established a floor under their consumption level.

They found that the introduction of actuarially fair insurance (AFI) would not be welfare

improving: households were already sufficiently protected through informal insurance.

Rosenzweig and Binswanger (1993) using the same data reached the opposite conclusion:

the poorer ICRISAT farmers would benefit greatly from the introduction of insurance.

Average profits in the bottom wealth quartile would increase by about one third for a

reduction in weather risk of one standard deviation. However, their conclusion was not

based on a dynamic model: a household’s total wealth was taken as given. Elbers et al.

(2007) estimate a structural model for smallholder households in Zimbabwe. They found

a massive effect of the introduction of AFI: on average in their sample households would

1See e.g. Tanner (1997) for US evidence and Elbers et al. (2007) for Zimbabwe evidence.
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accumulate a capital stock (cattle) twice as large (over a 50-year period) as in the absence

of insurance (when consumption smoothing is the only risk coping strategy available to

them). As in RW this model is estimated on the basis of production and capital stock

data but in this study the capital stock is a continuous variable.

In many rural economies the key asset of a household is livestock, e.g. one or two

bullocks. The use of a discrete concept of the capital stock is therefore a natural choice.

In addition, it is well-known that households recall their cattle ownership quite accu-

rately. An implication is that observing the number of cattle is likely to be less subject

to measurement error than, say, consumption. However, this advantage may well come

at very high econometric costs, as we show in this chapter. The question we investigate

is whether the RW research agenda is feasible in the sense that robust conclusions about

the welfare effects of insurance can be derived from a structural model estimated from

production and capital stock data if the capital stock can take only a limited number of

values. Our approach is to specify a simplified version of the RW model; to use the model

as data generating mechanism; to find out how accurately we can recover the underlying

behavioral parameters by estimation, given the values of all other parameters and given

the true model specification; and, finally, to use the findings to assess the robustness of

the policy conclusion on the desirability of the introduction of insurance.

The structure of the chapter is as follows. In the next section we show under what

conditions the use of limited dependent variables in this class of models may lead to large

standard errors. In Section 3.3 we specify the model and use simulation experiments to

derive the distribution of the structural coefficients. We find, as expected, very large

errors. It turns out that in this class of models the RW conclusion as to the welfare effects

of insurance is not robust. Section 3.4 concludes.

3.2 Limited Dependent Variables

Consider the following deterministic intertemporal optimization problem

max
ct,kt

∞∑

t=0

βtu(ct)

subject to the constraints

ct + kt+1 = f(kt)

ct, kt ≥ 0

k0 given,
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where c is consumption, k the capital stock, u(c) the instantaneous utility function and

β a discount factor. The usual interpretation of the model is that output f(kt) can

be consumed or used as input into next period’s production. Note the absence of a

depreciation term (1− δ)k: to get a more compact notation the production function f(k)

represents the real value of output plus the depreciated value of the asset. A solution k̂t,

t = 1,. . . to the optimization problem can be characterized by an investment function ϕ,

with

k̂t+1 = ϕ(f(k̂t))

k̂0 = k0.

We will assume that the solution is unique. Note that the optimization problem is sta-

tionary, implying that ϕ does not depend on t.

There are several ways to extend the decision problem to a stochastic framework. One

possibility is to allow for random shocks in f(k) and to maximize the expected value of

summed discounted utility with respect to investment policies. If the shocks are serially

independent the optimal policy is again an investment function of the form ϕ(f(k)).

In the deterministic case the functions f(.) and ϕ(.) can be identified from a suf-

ficient number of different k0 observations and subsequent observations on the capital

stock and output. (Note that there is no need to observe consumption since it follows

from ct = −kt+1 + f(kt).) The question arises whether observation of f(kt) (subject to

shocks) and k̂t is sufficient to recover the behavioral parameters of the process, namely the

discount factor β and the parameters of u(c). The answer is affirmative: by integrating

the Euler conditions for an optimal accumulation path we can normally recover β as well

as the utility function (over the relevant part of its domain and up to an affine trans-

formation)2. Knowledge of the behavioral parameters allows us to study counterfactual

situations, such as the introduction of insurance3.

Now suppose that kt is restricted to a limited number (n) of integer values4. Recov-

ering the behavioral parameters of the model now becomes problematic. For example,

in the deterministic case since there is a one to one mapping from kt to k̂t and f(kt)

can only take n numbers, if the number of behavioral parameters exceeds n they cannot

be recovered, irrespective of the number of observations because no more than n values

of k are observed. In the stochastic case (with f(k) subject to shocks) output is a con-

2Elbers and Gunning (2002).
3From a positive economics perspective this is the very reason for writing accumulation as an opti-

mization problem instead of being satisfied with a purely descriptive function ϕ.
4This is similar to the situation studied by RW where asset ‘k’ is in fact a vector of stocks: bullocks,

pump and calves of various ages, all integer valued. The number of bullocks can take only three values:
0, 1 and 2.
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tinuous variable while k is discrete. The investment function ϕ is now a step function

characterized by threshold values wi and corresponding asset levels ai so that

w0 = a0 = 0

k̂t+1 = ai, if wi ≤ f(kt) < wi+1

Since the asset levels ai are integer-valued they do not carry local information about the

behavioral parameters; the parameters must therefore be determined from the threshold

values wi. The number of threshold values therefore determines the number of parameters

of the behavioral process that can be estimated.

As an example take the case where k settles on a steady state value of 2 and all

households have initial values k0 below this number. Then the data will at best allow the

researcher to determine the thresholds w1 and w2
5. Consequently only two parameters of

the behavioral process can (normally) be estimated.

More information can be obtained if there is more heterogeneity between observed

cases. For instance, if the time horizon of the optimization is finite (say, until the death

of the agent) and agents differ in age, then the investment function ϕ and the thresh-

old values wi become age-dependent. Also, the production function f(k) could differ

across households, again leading to multiplication of observable threshold values. If such

heterogeneity affects some (but not all) of the parameters it can be exploited in pooled

estimation.

RW use both methods. They assume a finite decision horizon, leading to heterogene-

ity in asset holding policies across decision makers of different age. Irreversibility of the

installation of a pump leads to a shift in the production function for pump owners.

Whether heterogeneity can indeed be used to solve the estimation problem is an open

question6. RW in fact fix the value of one of the three behavioral parameters, the discount

factor. Further, as we will show for a simplified version of their model, but with similar

parameter values, heterogeneity introduced by pump ownership does little to improve the

situation since conditionally on pump-less threshold values, behavioral parameters have

almost no effect on pump-inclusive thresholds. Also, age-based heterogeneity has very

little effect on investment behavior except for households with elderly heads; this gives

such households inordinate weight in the estimation procedure.

We conclude that estimation of behavioral parameters underlying an accumulation

5It is possible that a1 = 2 in which case only w1 can be observed.
6Rust (1994) provides detailed discussion of the identification of dynamic discrete choice models, pre-

senting sufficient conditions under which the model can be identified and a simple and general estimation
theory is available. One of the restrictions required in his discussion is that shocks enter into the utility
function additively, which is violated in the RW model. As Rust (1994) mentions, no general estimation
theory exists for this case.
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process is inherently difficult if the asset involved can take only a few discrete values.

The problem can be solved by putting additional constraints on the parameters, but any

counterfactual analyses based on the estimated parameters must then be checked for ro-

bustness against such constraints. We also suggest that the identification problem can be

solved if the asset becomes continuous.

3.3 Simulations

For the simulations we use a simplified version of the RW model7. We first describe the

model and then discuss the simulations.

3.3.1 The model

In the simplified RW model each agent solves:

max
ϕτ

Tτ∑

t=0

βtE
[max(ct − cmin, 0)]1−γ

1 − γ

subject to:

ct + pkkt+1 + pp(Pt − Pt−1) = wt = α(kt) + αpPt + pkkt + εt (3.1)

k0 is given

kt = ϕτ (wt) (3.2)

ϕτ (wt) =





0, wt − pk < cmin

0/1, cmin + pk ≤ wt < cmin + 2pk

0/1/2, cmin + 2pk ≤ wt

(3.3)

where the agent’s instantaneous utility function is characterized by the parameter γ > 1

(γ 6= 1), β is the discount factor, cmin is a minimum consumption level supported by an

informal insurance arrangement8, c is the level of consumption before any support from

the insurance arrangement, w is wealth at hand (available for consumption and invest-

ment), k is the capital stock (constrained to take the values 0, 1 or 2) with price pk, P

7In this model consumption smoothing is the only coping mechanism. Maitra (2001) finds evidence
of another coping mechanism, changes in labour supply.

8In this RW specification cmin has unfortunately a dual role: it is the level of consumption below
which a household cannot survive and also the level guaranteed by the informal insurance arrangement.
It would be more natural to specify different parameters for these roles so that the welfare effect of a
change in the protection offered by the insurance scheme can be analyzed.
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is a dummy variable indicating whether the household owns a pump (with price pp) and

ε is an income shock (a draw from a distribution known by the agent). Income shocks

are independent over time. The function αk takes the values α0, α1, α2 for k =0, 1, 2

respectively; this picks up the effect of bullock ownership on income. The productivity

of pump is captured by αp. The age of the household head (which determines the time

remaining until time T ) is denoted by τ . In this formulation investment in pumps (which

is irreversible) is exogenous (contrary to the RW formulation). Agents without a pump

do not expect to acquire one. Expected utility is maximized with respect to the policy

function ϕτ .

Note from (3.1) and (3.3) that the insurance arrangement will pay out only to house-

holds without cattle: a household with c < cmin will have to sell its cattle before it is

entitled to consumption support since c is defined as the difference between wealth at

hand (w) which includes the cattle asset and the investment.

The optimal policy function will depend on τ and P . Given these two parameters the

function will involve two threshold values for wealth at hand, w1, w2 such that in each

period the household chooses k = 1 for w1 ≤ w < w2, k = 2 for w ≥ w2 and k = 0

otherwise9.

Like RW we assume that k0, τ , P and the capital stock kt are observed without error,

but that instead of wt the researcher observes w̃t = wt + ηt, where ηt is measurement

error, i.i.d. and independent of household shocks εt.

3.3.2 Simulations set-up

We impose the following values (based on the RW estimates) for the three structural coef-

ficients: cmin = 1469, β = 0.95, γ = 0.964. We set pk = 992, pp = 6338, α0 = 0, α1 = 326,

α2 = 1800, αp = 1795 (based on RW estimates and the value used in their paper). The

distribution of ε is normal with zero mean and σε = 2293. Note that this is very high

relative to the value of cmin. The observation error η is also normally distributed with

zero mean and standard deviation ση = 427. The maximum plan horizon T0 is 70 periods.

We solve the investment thresholds w by using backward recursion which is discussed in

Rust (1994) as the main solution method for finite-horizon models. With these parameter

values the investment thresholds w are virtually insensitive to age τ for all but the oldest

households. We have therefore eliminated age heterogeneity, imposing T0 = ∞. For these

parameter values we find thresholds w1 = 2461 and w2 = 3453 for households without a

pump and again wp
1 = 2461 and wp

2 = 3453 for households owning a pump10.

9There are two possible cases considering the order of the thresholds. Besides the case used in this
chapter, the only possible case is the one mentioned in footnote 5. Since we do observe households with
one bullock in the data, we exclude this case in this chapter.

10Note that the threshold values are insensitive to pump ownership.
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The set-up of the simulations is as follows. Each of thirty households is endowed with

exogenous values k0 and Pt. Next we generate a series of eight11 shocks εt and measure-

ment errors ηt for each household. The shocks are independent across households12. The

measurement errors are applied to the true values wt to generate the ‘observed’ values

w̃t. The dataset now consists of a vector {k1, w̃1, . . . , ks, w̃s|k0, Pt} for each household.

The maximum likelihood estimates of the three behavioral parameters θ = (γ, cmin, β)

are derived for this data set (with all other parameters set at their true values). We then

generate a new data set and a new set of estimates of θ. By repeating this procedure

of data generation and estimation many times we generate the sampling distribution of

the θ-estimators, given the values of all other parameters and the true underlying model

specification.

3.3.3 Maximum Likelihood Estimation

Define D1t = 1 if kt = 1, and zero otherwise. Similarly for D2t = 1 if kt = 2. With this

notation the likelihood contribution of a household is proportional to

9∏

t=0

[Pr(kt+1 = 0|w̃t, kt, Pt)
1−D1,t+1−D2,t+1 × Pr(kt+1 = 1|w̃t, kt, Pt)

D1,t+1

× Pr(kt+1 = 2|w̃t, kt, Pt)
D2,t+1 ]

The three probabilities after the product sign are derived from a normal distribution13

N((ε + η)σ2
ε/(σ

2
ε + σ2

η), σ
2
εσ

2
η/
√
σ2

ε + σ2
η)with cumulative distribution function Γ. For in-

stance, if the household has no pump

Pr(kt+1 = 0|w̃t, kt, Pt = 0) = Γ(w1t − α0). (3.4)

Note that the likelihood depends only indirectly, through the threshold values w, on

the parameters θ. Maximizing the likelihood therefore involves computing the threshold

values as a function of θ. To reduce the computational burden we have calculated the

thresholds on a grid of parameters θ. Linear interpolation14 of these threshold values

on the grid values of θ is then used to approximate the threshold values for non-grid

11Eight is also the number of periods in RW. RW do not mention the number of households, but the
ICRISAT data set contains 30 medium-size households with two or more observations. RW use the data
from this medium-size group of households.

12This is, of course, a simplification; in practice there will be covariance, e.g. in the case of weather
shocks.

13Note that ε + η = w̃t − α(kt) − αpPt − pkkt.
14The interpolation method used is a trivariate version of the “Four Point Formula” in Abramowitz

and Stegun (1972, p. 882).
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values of θ. The interpolated values turn out to be highly accurate approximations to the

exact threshold values. We then substitute the interpolated threshold values ŵ(θ) in the

likelihood function. For instance, in equation (3.2) we get

P̂r(kt+1 = 0|w̃t, kt, Pt = 0) = Γ(ŵ1t(θ) − α0)

It is now straightforward to maximize the likelihood with respect to θ. In all cases we

have used the true parameter values (β = 0.95, γ = 0.964, cmin = 1469) as initial point

for the optimizing algorithm. Moreover, we have restricted parameters to the bounds

imposed of the grid of parameters for which the true thresholds have been computed, i.e.

intervals (0.59, 0.99) for β, (0.899, 0.989) for γ and (0, 2997) for cmin. The bounds have

been chosen to make the thresholds estimated precisely. Since the estimates of β, γ and

cmin should be close to their true values if they could be estimated from the model the

choice of different bounds do not make difference to the estimation of the parameters.

3.3.4 Results

With the above choice of model and parameters it turns out that the threshold values

w1,2 are virtually insensitive to parameters β and γ. Hence it is impossible to estimate

these parameters with any accuracy. We find that γ tends to settle on one of the bounds

and β tends to stay very close to its initial value. Figure 3.1 is a typical scatter plot of

the joint (β, γ) sampling distribution, based on 100 simulations.

On the other hand, cmin can be estimated fairly accurately. The mean and standard

deviation determined from 100 simulations are 1444.7 and 80.3.

Recall that the heterogeneity in pump ownership raises the number of thresholds above

the number of parameters so that the problem discussed in Section 3.2 of having to recover

three coefficients from two threshold values does not arise. However, it turns out that the

extra pair of thresholds do not convey sufficient additional information: as may be seen

from Figure 3.2 and Figure 3.3 the thresholds for pump-owning households are almost

insensitive to the behavioral parameters given the corresponding thresholds for the other

households. Hence the second pair of thresholds convey little extra information on the

parameters. In fact, we find that the thresholds are almost exclusively determined by the

value of cmin, so that the combined figures trace essentially a one-dimensional sub-set in

the space of threshold values. This is why only a single parameter can be estimated with

reasonable precision.

What are the implications for the robustness of the conclusion that actuarially fair

insurance would not raise welfare? We investigate this by calculating ∆W , the net in-

crease in welfare (i.e. the expected value of discounted utility) as a result of replacing the
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Figure 3.1: Sampling Distribution of Behavioral Parameters (β, γ)
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Figure 3.2: Investment thresholds: w1 (vertically) against wp
1 (horizontally)

Figure 3.3: Investment thresholds: w2 (vertically) against wp
2 (horizontally)
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informal arrangement supporting cmin with AFI15. We do this for each of six household

types, defined by whether they have (initially) a pump and whether they start with 0,

1 or 2 bullocks. Table 3.1 shows ∆W for each of these household types and for various

values of β in the (0.59, 0.99) range, and putting all other parameters to their true value16.

The values shown in Table 3.1 are calculated under the assumption that no household

will acquire a pump: the first three household types remain pumpless throughout.

Table 3.1 shows that the first two types of households (those who initially have no

Table 3.1: Welfare Effect of Insurance
Endowment
initial k 0 1 2 0 1 2
pump 0 0 0 1 1 1
discount factor weighted effect
0.59 -25.8 -35.6 27.5 26 17.7 8.5 loss
0.615 -27.8 -37.6 30.4 27 18.6 9.4 loss
0.64 -30 -40 33.8 28.1 19.7 10.4 loss
0.665 -32.5 -42.7 37.7 29.4 20.9 11.6 loss
0.69 -35.5 -45.8 42.3 30.8 22.3 13 loss
0.715 -39 -49.5 47.8 32.4 23.9 14.7 loss
0.74 -43.2 -53.9 54.5 34.2 25.8 16.7 loss
0.765 -48.4 -59.2 62.6 36.3 28 19.1 loss
0.79 -54.7 -65.7 72.8 38.9 30.8 22.2 gain
0.815 -62.8 -74.1 86 42.1 34.2 26.2 gain
0.84 -73.5 -85 103.4 46.2 38.7 31.5 gain
0.865 -88.2 -99.8 127.4 51.5 44.8 38.8 gain
0.89 -109.6 -121.5 162.7 59.1 53.5 49.6 gain
0.915 -143.5 -155.6 218.7 70.8 67.1 66.7 gain
0.94 -203.7 -216 318.6 91.1 91.2 97.3 gain
0.965 -328.8 -341.4 526.8 132.8 141.1 161.6 gain
0.99 -640.5 -653.4 1047 236.6 266.2 323.6 gain
weights 1.8 1 1 1 1 1

pump and at most one bullock) would not be willing to give up the informal insurance

arrangement (which guarantees a consumption level cmin) in exchange for AFI. The reason

15Recall that this measure is biased since (as RW recognise) the cost of the informal arrangement
would be reflected in a premium which would not have to be paid under AFI. Since RW do not know
this cost (which is reflected in αk) they ignore it in the comparison: hence under AFI the household
continues to pay the same premium. This is a major issue: given the choice between AFI (i.e. constant
consumption) and an arrangement where the household would receive positive shocks but (as a result of
the cmin floor) no negative shocks it might well prefer the latter if the two schemes did not differ in cost.
This would, obviously, say nothing about the desirability of AFI. Rather, it would reflect the failure to
model explicitly the cost of the cmin scheme.

16The welfare changes can only be compared within rows since different rows correspond to different
preferences.
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is simple: under AFI they would no longer enjoy the positive income shocks which they

experience under the (asymmetric) informal insurance arrangement. For richer house-

holds this advantage of the cmin arrangement is offset by a larger difference between cmin

and mean consumption: the informal arrangement gives them little downward protection.

As a result, households with pumps or with two bullocks would switch to AFI. Clearly,

the aggregate effect depends on the distribution of the population over household types

and on the discount factor. In the Table 3.1 We show a particular distribution. Under

this distribution the change in aggregate welfare depends on the value of the discount

factor. For low values of β (i.e. a high discount rate) the net effect is negative, for values

of 0.79 or higher it is positive: AFI would be accepted.

This example underestimates the case for AFI, for two reasons. First, as noted above,

under AFI the implicit premium of the informal insurance would no longer have to be

paid but this is not taken into account. Secondly, we have treated pump investment as

exogenous. In the RW world pump investment is endogenous. A pumpless household

might receive (at some future date) a positive shock large enough to enable it to buy a

pump. At that stage insurance would become attractive. Therefore, if households were

not forced to adopt insurance now or stay with the informal arrangement forever, but were

instead offered the option of switching to insurance then welfare gains might be positive

even for the first two types of households.

Since β cannot be estimated with precision, Table 3.1 implies that any policy con-

clusion on the welfare effect of introducing formal insurance will not be robust. If β is

estimated (in a relatively small sample) it may easily settle on one of the two boundary

values (with opposite policy conclusions). Conversely, if β is fixed (as in RW, who set

β = 0.95) the policy conclusion is thereby fixed as well.

3.4 Conclusion

There is a renewed interest in insurance mechanisms to assist rural households in risk

coping. It is rarely possible to evaluate such interventions through (quasi) experimental

evaluation methods. In principle estimating a structural model of household behavior

under risk (using panel data) is a viable alternative. Rosenzweig and Wolpin (1993)

applied this approach to the ICRISAT data and found that insurance would not be welfare

improving. In this chapter we have investigated the robustness of this policy conclusion.

we have considered a class of models of household behavior under risk where assets can

take only a small number of values. This severely restricts the scope for estimating

structural coefficients. In the RW case heterogeneity could solve this problem but we

have shown (for a simplified version of their model) that in small samples two of the
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coefficients cannot be estimated with reasonable precision in spite of this heterogeneity.

Since the policy conclusion on the desirability of introducing formal insurance is sensitive

to the value of these coefficients, the conclusion is probably not robust. This does not

mean that we cannot use panel data to assess the scope for insurance. Rather, it implies

that if asset data indeed take only a small number of values (relative to the number

of parameters to be estimated) then estimation requires heterogeneity which (unlike the

heterogeneity allowed for by RW) leads to independent variation in threshold values. The

procedure we have described can easily establish whether this condition is satisfied. An

alternative is to treat assets as continuous variables, e.g., by using livestock (an aggregate

of cattle, goats, sheep etc.) rather than bullocks as the capital stock.



Chapter 4

Growth and Risk in Rural Ethiopia

4.1 Introduction

Growth is an essential issue in developing countries. Economic growth is considered to be

the key to solve the problems in developing countries: poverty, lack of nutrition, low level

of education. Risk is not easy to deal with in developing countries, especially in rural

areas. Shortage of rainfall, sickness of household members and livestock are a part of

the life. Fluctuation of consumption, decrease in human and social capital and persistent

poverty usually come along with risk. The literature has paid enormous attention to risk

and growth due to their importance. However, only a few studies draw attention to quan-

tifying the effect of risk on growth1. This chapter looks at the interlinkage between risk

and growth and investigates how big the impact of risk on growth is through households’

investment in livestock.

Holding livestock is an essential aspect of growth for farmers in rural areas of develop-

ing countries. First, livestock are used as an input of production as in many parts of the

developing world farming heavily relies on livestock. Second, livestock related products

like milk and meat are an important source of household income. Dercon (1998) finds that

the observed differences in economic welfare across a random sample of rural households

in Tanzania are explained by their differences in herd size.

Risk and livestock holdings are correlated. First, livestock can be used for risk coping.

With years of experience farmers have developed ways to deal with risk. Self-insurance

through savings is perhaps the most important risk coping strategy for farmers in most of

the developing countries. Buying and selling livestock is recognized as a common strat-

egy to deal with risk (e.g., Binswanger and McIntire 1987; Rosenzweig and Wolpin 1993;

Davies 1996). Households can accumulate assets when there is a good harvest and de-

cumulate them to smooth consumption when there is a bad harvest. This precautionary

1This point is stated in Elbers et al. (2007).
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motive in household saving behavior is addressed extensively in Deaton (1991). Second,

livestock are not riskfree. It definitely comes with risk because of births, deaths and dis-

eases. As mentioned in Chapter 2, Lybbert et al. (2004) claim that among the pastoralists

in the arid and semi-arid lands of eastern and southern Africa, livestock losses during one

cycle of drought and recovery can be up to 50% to 80% for cattle and 30% for sheep and

goats. In the Ethiopia Rural Household Survey (ERHS), 38% of the farmers reported

that they experienced pests or diseases affecting crops or livestock in 1999–2004.

It should be noted that though accumulating livestock is one way of saving, as livestock

are not the riskfree asset discussed in for example Deaton (1991) households’ behavior in

investing in livestock may be very different from their behavior in investing in a riskfree

asset. For the riskfree assets households increase their savings in the asset in a risky en-

vironment. We cannot draw this conclusion on the savings on livestock as livestock itself

suffer from risk and the return on it is also not riskfree. In Deaton (1991) households

have no incentive to save in the absence of risk. This may not be the case for livestock in

Ethiopia. Livestock serve an essential role in farm production in Ethiopia as in most of

the other parts of the developing world. The accumulation of livestock is the main aspect

of growth in rural Ethiopia. Therefore, the impact of risk on livestock accumulation can

be very different from its impact on the accumulation of a riskfree asset as discussed in

Deaton (1991).

There are a few studies that explore the scope of risk-reducing policy interventions

through estimating a structural model which describes households’ behavior of holding

assets under risk. Rosenzweig and Wolpin (1993) is a famous example. They find that

households mitigate risk through accumulating and decumulating livestock in India. How-

ever, Chapter 3 shows that the model used in Rosenzweig and Wolpin (1993) cannot be

estimated with reasonable precision since in that model assets are assumed to take only

a limited number of values. This can affect the conclusion that insurance would not be

welfare improving. Fafchamps and Pender (1997) investigate the extent to which poor

households are discouraged from making an individible but profitable investment (a well).

They are able to estimate the parameters in their model since besides the discrete as-

set (well) they have another continuous asset (cash in hand) in their model. However,

Fafchamps and Pender (1997) focus on the impact of credit constraints on investment and

do not address the impact of risk.

Elbers et al. (2007) estimate an alternative model, in which the asset is a continuous

variable. They are able to estimate the parameters in the model with reasonable preci-

sion because of this continuity. The household maximizes its lifetime utility by making

optimal investment decisions. How much livestock the household decides to hold depends

on many factors, e.g. how risk averse the household is, how much the household discounts
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its future utility, the distribution of the shocks. We can never observe the first two factors

and therefore need to estimate them from the observed household investment in livestock.

We often observe part of the shocks (e.g. rainfall), but if the panel of the data is not

long enough or if we can only observe a small part of the shocks we usually can not

obtain the distribution of the shocks from the data directly. Instead of estimating the

distribution directly from the data on shocks, Elbers et al. (2007) choose to estimate it

using the data on livestock investment. By estimating such a model, Elbers et al. (2007)

obtain the properties of the household and the shocks. They then simulate the paths of

asset accumulation of the household based on the estimates of the model and evaluate the

effectiveness of policy interventions. They apply this model to a dataset from Zimbabwe

and find that for an average household under risk the expected value of livestock at the

end of a 50-year simulation period is 46% lower than it would have been in the riskfree

case. They further decompose this effect into an ex ante effect and an ex post effect. The

ex ante effect captures the impact of the behavioral response of the households to risk

and the ex post effect is the impact of shocks after they actually happen. They find that

about two-thirds of the impact of risk is due to the ex ante effect.

This chapter follows the footprint of Elbers et al. (2007) to explore the impact of risk

on the accumulation of livestock in Ethiopia. The model used in this chapter is similar

to the one used in Elbers et al. (2007). The following contributions have been made in

this chapter for the improvement of the Elbers et al. (2007) model. First, in the Elbers

et al. (2007) model these is no transfer income. In this chapter, transfers are included.

Households expect transfers but they do not expect transfers to be responsive to shocks.

This assumption is based on my finding in Chapter 2 that transfers play a minor role

in risk-sharing. Second, Elbers et al. (2007) use rainfall data to model the correlation of

shocks across households. I do not have rainfall data but I allow for a correlation between

the shocks across households. However, such a correlation turns out to be very difficult

to be estimated. In addition, a different method proposed in Elbers (2007) is used to

estimate the model. It turns out that the Euler equation of the model is much better

satisfied than using the method in Elbers et al. (2007).

I investigate the impact of risk on livestock accumulation for the median households

(in terms of productivity), like Elbers et al. (2007). However, households are heteroge-

neous. The impact may be different for different types of households. In fact this is what

I find in Chapter 3. The introduction of actuarially fair insurance would only be welfare

improving for households with more assets. Elbers et al. (2007) do take into account that

households are heterogeneous in terms of household’s size and educational attainment.

This makes households differ in productivity. However, they only report the results of

the impact of risk on livestock accumulation for one average household. Here I report the
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results for various households with different productivities.

I find that the impact of risk on livestock accumulation does differ for households with

different productivities. It is positive for very unproductive households. However, for

most of the households (average and very productive households, which together amount

for more than 90% of the households) it is negative. The impact is big. For an median

household, under risk the expected value of livestock at the end of a 90-year simulation

period is 46% lower than it would be in the riskfree case. While the economic theories

do not provide an indication about the sign of this effect, this finding is consistent with

what Elbers et al. (2007) find in their paper. Like Elbers et al. (2007), I decompose this

effect into an ex ante effect and an ex post effect. The signs and sizes of these two ef-

fects differ for households with different productivities. For very unproductive households

both effects are positive, and the ex post effect is bigger than the ex ante effect. For an

median household the ex ante effect of shocks on livestock accumulation dominates the

ex post effect. The ex ante effect is negative and the ex post effect is positive. For very

productive households both effects are negative, and the ex ante effect is bigger than the

ex post effect in absolute value.

I estimate two variations of the model to check if the findings are robust. Elbers et al.

(2007) did not have the consumption data for Zimbabwe. I have the consumption data

for ERHS. I explore the possibility to use also consumption data in estimating the model

as the first robustness check. The findings from the original model are in general robust

to this check.

The model is under a strict assumption: the income was not underreported. In real-

ity, this assumption is likely to be violated. I therefore relax this assumption and allow

for underreporting in the income data. I find that if income was indeed underreported

the estimates of the parameters change with the mean of the error. However, if the un-

derreporting was not too serious (I check the case when one third of the income was

underreported), most of the households are still found to be able to accumulate more

livestock when insurance is introduced.

This chapter is organized as follows: Section 4.2 is a description of the data. Section

4.3 shows the model and Section 4.4 describes how the model is estimated. Section 4.5

shows the results. Section 4.6 provides two variations of the model to check the robustness

of the results and Section 4.7 concludes the chapter.

4.2 The data

The data used in this chapter are from the Ethiopia Rural Household Survey (ERHS).

The survey data are collected by the Economics Department of Addis Ababa University,
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the Center for the Study of African Economies at Oxford University and the International

Food Policy Research Institute. The EHRS is one of the few panel data sets available at

the household level in Africa. In 1989, around 450 households in six sites were initially

surveyed for a famine study. In the beginning of 1994, 1,477 households in 15 villages

were surveyed in total. In constructing the panel, the sample was stratified to include a

sufficient coverage of the main farming systems and to ensure that female and landless

households were included. These households have been re-interviewed in the second half

of 1994, in 1995, 1997, 1999 and 2004. Since the 1989 survey used a very different ques-

tionnaire from the later rounds and also covered different villages, I only use the data

from the 1994 (two rounds), 1995, 1997, 1999 and 2004 surveys in this chapter2.

The dataset provides detailed information on household income, assets and consump-

tion. Household income are from four sources: farm income, wage income, livestock

income and transfer income. Farm income is the main source of income. Wage income

from off-farm activities accounts for a bit less than a quarter on average (Ayalew 2003).

Households also derive income from livestock and livestock related products. Transfer

income includes food aid, gifts, remittances and other forms of transfers from govern-

ment, friends and relatives. The amount of transfers is less than 15% of the total income

(Chapter 2, Table 2.2).

Livestock are the most important asset households own in these 15 Ethiopian villages.

Households own other forms of assets, for example farm tools, furniture, radio’s and jew-

elry. The amount of these assets is however rather marginal compared to the amount of

livestock (Ayalew 2003, Table 1), which restrains the role of these assets in consumption

smoothing. Land is of course an important asset. However, land is allocated by Peasant

Associations3 and selling land is illegal, which restrains the use of land to cope with risk.

Table 4.1 lists the summary statistics of the household aggregated income, livestock

and consumption by year. It should be noted that it is odd that some households’ income

is zero. I interpret this as that instead of being zero they are actually missing. The

reasons can be that the prices of their products are missing or the units of their products

are unidentified. The observations with zero income are excluded from later analysis4.

In general, the income, livestock holdings and consumption show an increase from

1994 to 2004. The increase was fast from 1994 to 1997, indicating that the households

2A more detailed description of the dataset can be found in Section 2.2 of Chapter 2.
3In Ethiopia, a peasant association is not a farmers’ self-help group as the name might suggest, but the

lowest tier of civil administration. Peasant association can be considered as a local government institution
covering one or more villages.

4That income cannot be zero is taken as an assumption in this chapter. All the analyses in this chapter
do not allow income to be equal to zero. Considering only a very small portion of the observations are
with zero income (see Table 4.1), I do not expect that the excluded observations have a significant impact
on the results of this chapter.
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Table 4.1: Summary statistics of the income, livestock and consumption data

Year Obs. Mean S.D. Min Median Max
Income 1994 1,477 2,478 5,519 0 (43)a 1,332 143,973

1995 1,468 2,433 3,923 0 (13) 1,448 63,234
1997 1,415 4,119 22,361 0 (21) 1,986 748,434
1999 1,385 3,239 4,093 0 (8) 2,282 55,900
2004 1,340 2,954 5,062 0 (1) 2,018 142,549

Livestock 1994 1,477 1,799 3,021 0 889 70,017
1995 1,477 1,557 2,620 0 788 62,484
1997 1,415 2,302 3,210 0 1,346 36,762
1999 1,385 1,841 2,118 0 1,191 24,886
2004 1,325 2,276 3,279 0 1,285 53,575

Consumption 1994 1,472 4,481 4,162 85 3,238 43,889
1995 1,422 3,855 3,546 146 2,859 36,938
1997 1,409 5,569 4,295 154 4,389 40,217
1999 1,382 5,387 4,355 85 4,011 38,367
2004 1,299 5,600 5,216 143 4,051 48,154

Note.—The values are in Birr in 1994 prices. 1 Birr ≈ 0.1 USD.
a The number of the observations with zero income.

were on a path of growth 10 years after the famine in 1984-1985. From 1997 to 2004 Table

4.1 reports a decrease in both average income and average livestock holdings. Food crises

in 1999-2000 and 2002-2003 largely contributed to this decrease.

An obvious issue that can be observed in Table 4.1 is that the income and the con-

sumption data do not match. There are many reasons that consumption may be measured

bigger than income even on average. In the surveys, households were asked to recall their

income in the previous year or since the previous round of the survey. It is very likely

that households could not recall all of their income, which leads to the under-reporting

of household income. Consumption is measured by asking the households to recall their

consumption in the month before the survey. The data are then multiplied by 12 to get

a yearly figure. If the consumption in the month before the survey is more than the

average consumption per month in the year, the consumption data are an over-estimate

of the real consumption. It is also possible that households reported some consumption

that occurred 5 or 6 weeks before the survey due to their mistakes in recalling. This also

leads to an over-reporting of consumption. The income and the consumption data are

only weakly correlated with a correlation coefficient around 0.1 in ERHS5. The errors in

measuring both income and consumption data are probably the main reason.

5Author’s calculation based on the ERHS data.
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Besides detailed information on income, assets and consumption, the ERHS dataset

also has information on households demographics, education etc. Some information on

shocks is also included in the dataset, for example whether the rain came on time in the

previous farming season, whether there was enough rainfall, the disease of people, crops

and livestock, and the birth and death of livestock.

4.3 The model

I consider a dynamic choice model to describe the household investment in livestock

under risk. Similar to Elbers et al. (2007), there is a single good - the livestock - used for

consumption, as a store of value and as a productive asset. The household needs to make

a choice on livestock at each period, which will change the choice of the household in the

following periods. This makes the model a dynamic choice model. The existence of risk

makes the choice stochastic.

V (w(kvh0, s
y
vh0, s

k
vh0)) = max

cvht,kvht

E0

∞∑

t=1

βt−1u(cvht), (4.1)

subject to

wvht = sy
vhtfvh(kvht−1) + sk

vht(1 − δ)kvht−1, (4.2)

cvht = wvht − kvht, (4.3)

for t = 1, 2, ... and kvh0, s
y
vh0, s

k
vh0 given.

The household maximizes its expected lifetime utility E0

∑∞
t=1 β

t−1u(cvht), where β is

the discount rate (0 < β < 1), cvht is the consumption of household h living in village

v at time t. The utility function takes the form u(cvht) = (cγvht − 1)/γ, cvht ≥ 0 and

0 < γ < 16. In order to achieve the optimal level of the expected lifetime utility, the

household needs to choose the optimal level of investment in livestock kvht. This variable

of asset kvht is a continuous variable unlike the asset variable in Rosenzweig and Wolpin

(1993). The various types of livestock (cows, sheep, chicken etc.) and the differences in

age and strength make it continuous7.

The model assumes that the household cannot borrow to invest. It can only invest

and divest its wealth wvht, which is defined in equation (4.2). The wealth is the sum

of the household income and its livestock holdings. Household income is captured by

6The utility function is of the CRRA-type. γ < 1 implies that the household is risk averse. When
γ = 0, u(cvht) = ln(cvht).

7The price of the livestock is fixed to be the price in 1994.
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sy
vhtfvh(kvht−1), where sy

vht is the shock on income and fvh(kvht−1) captures the role of

livestock in income generation8. The income shock sy
vht is lognormally distributed with

the mean equal to 1. The term sk
vht(1 − δ)kvht−1 captures the livestock holdings. sk

vht is

the shock on livestock. Like sy
vht, it is lognormally distributed with the mean equal to 1.

δ is the depreciation rate on livestock which mainly captures the aging of livestock.

I further specify the variances and covariances of the shocks. Equation (4.4) states that

the two shocks (the income shock and the livestock shock) from the same household at

the same year are correlated. σy is the standard deviation of ln(sy
vht), σ

k is the standard

deviation of ln(sk
vht) and c1 is the correlation coefficient between ln(sy

vht) and ln(sk
vht).

Equation (4.5) and (4.6) state that the same type (income and livestock) of shocks at the

same year from different households living in the same village are also correlated. hp and

hq are household index. chy and chk are the correlation coefficients. In equation (4.7),

the correlation coefficient between the two types of shocks of two different households is

assumed to be zero9. Additionally, shocks from different years or from different villages

are independent.

cov(ln(sy
vht), ln(sk

vht)) = c1σ
yσk, (4.4)

cov(ln(sy
vhpt), ln(sy

vhqt)) = chy(σy)2, (4.5)

cov(ln(sk
vhpt), ln(sk

vhqt)) = chk(σk)2, (4.6)

cov(ln(sy
vhpt), ln(sk

vhqt)) = 0. (4.7)

One may argue that as households are living in communities, their investment in

livestock may be affected by intra-household transfers and government aid. Indeed, the

literature suggests that getting transfers is one of the ways households are able to mitigate

shocks (e.g., Rosenzweig and Stark 1989; Grimard 1997; Dercon and Krishnan 2003;

De Weerdt 2002; Hoddinott et al. 2005). Households’ decisions on livestock investment

depend on their knowledge of the distribution of the shocks. The existence of risk-coping

through transfers makes households expect a decrease in risk (since it is mitigated through

transfers) and therefore changes their investment in livestock. However, this is not the

situation in the 15 Ethiopian villages as in chapter 2 I find that transfers from friends

and relatives do not serve a role in risk sharing and transfers from government/NGOs

insure a very minor part of the covariant shocks. Therefore, I do not model transfers to

8kvht−1 is the livestock holdings at the end of the year t-1 after the investment and consumption have
been realized in year t-1.

9The values of chy and chk found in the literature are from 4% to 25% (e.g., Morduch 2005). The
correlation coefficient between the two types of shocks of two different households (ln(sy

vhpt), ln(sk
vhqt)) is

expected to be small as it is expected to be smaller than chy and chk. As we can see in the later sections
the correlations of the shocks are difficult to be estimated. Therefore, I set the correlation coefficient
between the two types of shocks of two different households to be zero.
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be responsive to shocks10. Transfers do not depend on shocks but they also do not come

completely as a surprise to the households. We can see from Table 2.7 in Chapter 2 that

for example households with an old household head or a well-educated head expect more

transfers. I therefore include transfer income in the model. The transfers expected by the

households are captured by the function fvh(.), and the unexpected transfers are counted

as shocks and captured by sy
vht

11.

4.4 The estimation of the model

The estimation of the model consists of three main steps: First, I estimate a function

to capture fvh(kvht−1), which is the “income function”. Second, I estimate a function

which describes the rule of optimal investment in livestock given a set of parameters

(β, γ, δ, σy, σk, c1, ch
y, chk). This function is the “policy function”. Third, I use Simulated

Pseudo Maximum Likelihood Estimation12 to estimate the parameters (β, γ, δ, σy, σk, c1,

chy, chk). In principle the income function could be estimated simultaneously with the

other parameters (β, γ, δ, σy, σk, c1, ch
y, chk). However, doing so is practically infeasible.

There are a large number of parameters in the income function, which I will discuss in

the next subsection. Estimating the income function every time a likelihood is calculated

is too time-consuming. This is why I estimate the income function separately from the

other parameters.

4.4.1 The income function

The functional form of the income function is adopted from Chapter 2. Income depends

on three components: capital, labor and land. In the ERHS context, capital takes the

form of livestock. Demographic variables and other household characteristics are used as

additional predictors. Information about income related shocks are also included in the

regressors. Using a constant elasticity of substitution (CES) as the functional form of the

10Dercon and Krishnan (2003) study the informal risk sharing in the ERHS villages. They suggest that
partial risk sharing exists in these villages, since whether the village the households belong to receives
aid has a significant effect on households’ consumption. One possible reason that they find evidence on
risk sharing but I do not using the same dataset is that Dercon and Krishnan (2003) do not consider
the other function of transfers: income redistribution. When households do not share risk at all but
reallocate their income from the richer to the poorer in their village, we may still find that households’
consumption increases when other households in the village receive aid. In fact, I do find evidence of
income redistribution in Chapter 2.

11As we can see from Table 2.7 the explanatory variables only explain a small part (24%) of the transfer
income, and as discussed in section 4.2 the level of transfers is in general low. Therefore, I do not expect
capturing the expected transfers in fvh(.) to make a major difference to the model.

12See e.g. Gouriéroux and Monfort (1996), Section 3.2.
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income function13, household income is modeled as:

yvht = (α1k
−ρ
vht−1 + α2lab

−ρ
vht−1 + α3lan

−ρ
vht−1)

− τ
ρ

exp(
∑

i

ηiai,vht−1 +
∑

j

φjdj,vh +
∑

o

ψolo +
∑

p

λpwsp,vht

+
∑

q

χqosq,vht + cons+ evht), (4.8)

labvht−1 = mvht−1 + κ1fvht−1 + κ2chvht−1, (4.9)

evht = gvt + bvh + nvht, (4.10)

cov(evh,ti , evh,tj) = cgtitjσ
2
g + σ2

b + cntitjσ
2
n = σ2

titj
. (4.11)

Equations (4.8) and (4.9) specify how income is determined. The variable y is household

income including transfers14, k is the value of livestock, lab is the aggregated household

labor as defined in equation (4.9), and lan is land. The variables m, f and ch are the

male, female and children in the household respectively. The variables ai and dj denote

time-variant and time-invariant predictors respectively. Village dummies are included in

the variables dj. The variable lo denotes the year dummies. The variable wsp denotes

observed weather related shocks and osq denotes the other observed shocks15. The variable

cons is a constant and e is the error term. v, h, t are indexes of village, household, time

respectively and αi, κi, ηi, φj, ψo, λp and χq are coefficients. i, j, o, p and q are indices

of the time-variant predictors, time-invariant predictors, year dummies, weather related

shocks and weather unrelated shocks respectively. The parameter τ is the scale return of

production and ρ is the substitution parameter.

One point which needs to be noted in this income equation is that the variable lab only

depends on the number of male, female and kids in the household but does not depend on

the shocks the household is experiencing. We know from the literature that households

may adjust their labor supply to mitigate the shocks. Kochar (1999) finds that labor

supply adjustment is the main strategy used by the ICRISAT16 households in India to

cope with negative idiosyncratic shocks. Jacoby and Skoufias (1997) find that children

in the ICRISAT villages in India were taken out of school to work in response to adverse

income shocks. Giles (2006) shows that the opening of a large and active labor market

has enabled households to better deal with risk in China. The specification of the income

equation does not allow to capture how labor is responsive to shocks. Therefore, in the

13This functional form and the choice of most of the variables are based on Cockburn (2002).
14In Chapter 2 the left hand side variable is income excluding transfers but in this chapter transfers

are included in the left hand variable. As discussed in Section 4.3, doing so captures the expectation of
households on transfers.

15For the list of the available information on the observed shocks, see Chapter 2, Table 2.4.
16International Crops Research Institute for the Semi-Arid Tropics.
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model defined in equations (4.1)-(4.3) the income shock sy actually captures the shocks

which are already mitigated through labor responses.

I allow for correlations in the error term across households and across time in equations

(4.10) and (4.11). gvt, bvh and nvht denote the unobserved village specific shocks, the

household effect and the unobserved idiosyncratic shocks respectively. They have the

following properties: gvt ∼ N(0, σ2
g), bvh ∼ N(0, σ2

b ) and nvht ∼ N(0, σ2
n). cgtitj is the

correlation of the village specific shocks at year ti and at year tj and cntitj is the correlation

of the unobserved idiosyncratic shocks at year ti and at year tj.

The income function defined in equations (4.8)-(4.11) is estimated using Generalized

Least Squares17. The details of the estimation procedure can be found in Chapter 2,

Appendix A. Table 4.2 shows the results of the estimation. The parameter of scale return

τ is smaller than 1, which means that this is a economy with decreasing return to scale.

The elasticity of substitution between the assets (livestock, land and labor) is equal to

3.52 (1/(1 + ρ)), which is significantly different from that in the Cobb-Douglas function.

The share parameters of the assets (α1, α2 and α3) are all significant. The female and

kids contribute significantly to the income generation. One female adult accounts to 0.784

male adult and one kid accounts to 0.454 male adult. Household income also depends

on land quality, whether the household owns economic plants, and the gender, age and

education of the head of the household.

It is easy to rewrite equation (4.8) as:

ỹvht = ahvht−1(α1k̃
−ρ
vht−1 + 1)−

τ
ρ exp(evht), (4.12)

where

ahvht−1 =
exp(

∑
i ηiai,vht−1 +

∑
j φjdj,vh + cons)

(α2lab
−ρ
vht−1 + α3lan

−ρ
vht−1)

− 1−τ
ρ

, (4.13)

ỹvht =
yvht

(α2lab
−ρ
vht−1 + α3lan

−ρ
vht−1)

− 1
ρ

, (4.14)

k̃vht−1 =
kvht−1

(α2lab
−ρ
vht−1 + α3lan

−ρ
vht−1)

− 1
ρ

. (4.15)

Households differ in many respects in the income function: different size and quality of

land, different household size, different level of education etc. Even with the same wealth

in hand, households still make different decisions in investment in livestock because of

these heterogeneities. Equations (4.12)-(4.15) summarize the differences between house-

holds into one variable ahvht−1 ,which I call the productivity of the household. This will

17Because of the existence of shocks the optimal use of inputs is constantly violated. Therefore, we
estimate the income function directly instead of estimating the first order condition of it.
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Table 4.2: Estimation results of the income function
Dependent variable: Income
Independent variables Coef. t-statistic
scale return (τ) 0.628∗∗∗ 24.83
substitution (ρ) −0.716∗∗∗ −9.60
livestock (α1) 0.281∗∗∗ 11.77
labor (α2) 0.280∗∗∗ 8.07
land (α3) 0.439∗∗∗ 14.62
female (κ1) 0.784∗∗∗ 5.92
kid (κ2) 0.454∗∗∗ 5.40
landless 0.373∗∗∗ 6.43
land quality 0.121∗∗∗ 4.71
plant coffee 0.251∗∗∗ 5.41
plant qat 0.224∗∗∗ 4.57
plant false banana −0.124∗∗ −2.45
plant eucalyptus 0.114∗∗∗ 4.06
female head −0.130∗∗∗ −4.50
head age −0.003∗∗∗ −3.73
head education 0.025∗∗∗ 7.45
village dummies

haresaw −0.341∗∗ −2.03
geblen −0.857∗∗∗ −5.03
dinki −0.523∗∗∗ −3.12
yetmen 0.103 0.61
shumsha 0.040 0.24
sirbana 0.402∗∗ 2.42
adele 0.115 0.67
korod 0.020 0.12
turfe 0.466∗∗∗ 2.77
imdibir 0.012 0.07
azedeboa −0.174 −0.97
addado 0.470∗∗∗ 2.61
garagodo −0.445∗∗ −2.54
doma −0.598∗∗∗ −3.52

year dummies
year95 −0.011 −0.11
year97 0.227∗∗ 2.38
year99 0.443∗∗∗ 4.55
year04 0.276∗∗∗ 2.88

constant 6.921∗∗∗ 48.92
observed shocks not reported
obs. 6, 749
R-squared 0.39

Note.—Livestock is in 1000 Birr. The parameter α3 is calculated using α3 = 1 − α1 − α2.
∗ Significant at the 10% level.
∗∗ Significant at the 5% level.
∗∗∗ Significant at the 1% level.
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dramatically simplify the calculation of the policy function in the next step of the esti-

mation.

4.4.2 The policy function

The model defined in Section 4.3 can now be written as:

V (w(k̃vh0, s
y
vh0, s

k
vh0)) = max

c̃vht,k̃vht

E0

∞∑

t=1

βt−1 c̃
γ
vht − 1

γ
, (4.16)

subject to

w̃vht = sy
vhtahvht−1(α1k̃

−ρ
vht−1 + 1)−

τ
ρ + sk

vht(1 − δ)k̃vht−1, (4.17)

c̃vht = w̃vht − k̃vht, (4.18)

for t = 1, 2, .. and k̃vh0, s
y
vh0, s

k
vh0 given,

where

w̃vht =
wvht

(α2lab
−ρ
vht−1 + α3lan

−ρ
vht−1)

− 1
ρ

,

c̃vht =
cvht

(α2lab
−ρ
vht−1 + α3lan

−ρ
vht−1)

− 1
ρ

.

In the model defined in equations (4.16)-(4.18), households differ in two respects: the

wealth they have in hand w̃vht and the productivity ahvht−1. Households make different

investment in livestock only when they have different w̃vht and/or ahvht−1, given a set of

parameters (β, γ, δ, σy, σk, c1, ch
y, chk). The purpose of the second step of the estimation

is to look for the rule of investment k̃vht = ϕ(w̃vht, ahvht−1) given a set of parameters.

In the model defined in equations (4.16)-(4.18), the optimal investment path in live-

stock satisfies the following Euler equation for t=1,2,...:18

u
′

(w̃t − k̃t) = βE(u
′

(w̃t+1 − k̃t+1)
∂F (k̃t)

∂k̃t

). (4.19)

where F (ah, k̃t, s
y
t+1, s

k
t+1) = sy

t+1aht(α1k̃
−ρ
t + 1)−

τ
ρ + sk

t+1(1 − δ)k̃t.

We can write the solution to the Euler equation as a policy function k̃t = ϕ(w̃t, ah).

This function is calculated for M values of ah. The following iteration is used to solve for

18I omit the subscript vh in the description of the estimation the policy function for notational conve-
nience.
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the policy function for each value of ah19:

1. Start from a number of values w̃i, i = 1, ..., N and initial values k̃i, i = 1, ..., N . This

is used to construct the starting approximation of the policy function ϕ0(w̃, ah).

2. Let r indicate the iteration count and start at r = 1, {ϕr
1}, ..., {ϕr

N} the rth ap-

proximation to ϕ(w̃i, ah) and ϕ̂r(.) the rth approximation to ϕ(.). In practice, the

approximating function ϕ̂r(.) is based on linear interpolation and extrapolation (IP)

of the current set of approximations (w̃i, ϕ
r
i ) also taking into account that ϕ(0) = 0:

ϕ̂r(.) = IP ({ϕr
i}).

The next iteration is then given by

ϕr+1
i = arg max

k̃

u(w̃i − k̃) + βEu(F (ah, k̃, sy, sk)

−ϕ̂r(F (ah, ϕr
i , s

y, sk))) (4.20)

s.t. w̃i ≥ k̃, F (ah, k̃, sy, sk) ≥ ϕ̂r(F (ah, ϕr
i , s

y, sk)),

for i=1,...,N. The expectation in (4.21) is calculated by drawing 100 sy and 100 sk

(unchanged in every iteration) according to their distributions and the correlation

between the two shocks. Note that when r → ∞ the Euler equation is the first

order condition of the expression after the arg max sign on the right hand side of

equation (4.21). The converged value limr→∞ ϕ̂r(.) is the ultimate approximation

to the investment function ϕ(.).

The above iterations locate M (the number of points on the grid of ah)*N (the number of

points on the grid of w̃) points on the policy function k̃ = ϕ(w̃, ah). Linear interpolation

of these points is then used to approximate k̃ for any given set of (w̃, ah)20.

The calculation of the policy function is an essential step in estimating the model.

Therefore, it is important that the policy function is calculated precisely. The method

used in this chapter to calculate the policy function is different from the one used in Elbers

et al. (2007). I provide a comparison of the two methods in Appendix A of this chapter.

The criterion of a good method to calculate the policy function is that the Euler equation

(4.19) is satisfied exactly. It needs to be realized that since the model defined in equations

(4.16)-(4.18) is not solved analytically the Euler equation (4.19) is never satisfied exactly.

However, the more accurate the policy function is the two sides of the Euler equation are

19The estimation of the policy function follows Elbers (2007). As policy function does not depend on
time, the subscript of time is omitted.

20The interpolation method used is the ”Four Point Formula” in Abramowitz and Stegun (1972, p.
882).
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closer to each other. Using this criterion the policy function calculated using the method

discussed in this section is much more precise (as shown in Appendix A). We can also

see from Figure 4.A1 in Appendix A that the policy functions calculated using the two

methods are different. For the same w̃ the optimal value of k̃ is in general bigger using the

method in Elbers et al. (2007) than using the method in this chapter. Therefore, which

method is used to calculate the policy function will make a significant difference to the

estimates of the parameters in the model.

4.4.3 The estimation

There are eight parameters which need to be estimated in this model: β, γ, δ, σy, σk, c1,

chy and chk. These parameters are estimated using Simulated Pseudo Maximum Likeli-

hood Estimation.

I first choose a set of parameters and calculate the policy function k̃vht = ϕ̂(w̃vht, ahvht−1)

using the method described in Section 4.4.2 given this set of parameters. I have 5 obser-

vations21 for each household, so I need to calculate the likelihood22:

LL = L(k̃vh95|k̃vh94)L(k̃vh97|k̃vh95)L(k̃vh99|k̃vh97)L(k̃vh04|k̃vh99).

Let me take L(k̃vh97|k̃vh95) as an example to describe how these likelihoods are calcu-

lated. I start with a point k̃vh95 in the data and randomly generate the shocks sy
vh96, s

k
vh96,

sy
vh97 and sk

vh97. The value of w̃vh97 and k̃vh97 can then be calculated. In this way one

path of accumulation of livestock can be generated over the time interval between the

dates for which I have observations: 1995 and 1997. A large number of paths of accu-

mulation can be generated by drawing a large number of shocks sy
vh96, s

k
vh96, s

y
vh97 and

sk
vh97. I then calculate the interval specific mean and variance of k̃vh97. Assuming k̃vh97 is

lognormally distributed, I calculate the likelihood L(k̃vh97|k̃vh95) for the given set of pa-

rameters. The other likelihoods can be calculated in the same way, so I obtain the value

of L(k̃vh95|k̃vh94)L(k̃vh97|k̃vh95)L(k̃vh99|k̃vh97)L(k̃vh04|k̃vh99). I then change the parameters,

using Simulated Annealing23 to maximize the likelihood with respect to the parameters.

In this way, the parameters can be estimated.

21Each household was surveyed 6 times: two times in 1994, in 1995, 1997, 1999 and 2004. In the
first survey in 1994, in 1997, 1999 and 2004 data on income in the 12 months before the surveys were
collected. The second survey in 1994 and the survey in 1995 together collected data on income for around
12 months. For comparison purposes these two surveys are used to construct only one observation for
income. The used data on livestock are from the first survey in 1994, in 1995, 1997, 1999 and 2004.

22In this chapter I only calculate the likelihood on livestock like Elbers et al. (2007). As we can see from
the later analysis, doing so is to restrain the role of the measurement error in income in the estimation.

23See e.g. Ross (2006), Section 10.4.
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4.5 The results

4.5.1 The parameter estimates

There are eight parameters β, γ, δ, σy, σk, c1, ch
y and chk, which need to be estimated

in the model described in equations (4.16)-(4.18). I noticed in the estimation that the

correlations across households chy and chk are difficult to be estimated. The likelihood is

not sensitive to the changes in chy and chk. These shocks are highly correlated themselves

and they also seem to be highly correlated with c1. Therefore, I fix chy and chk and only

estimate the other 6 parameters. The literature has some suggestions on the sizes of

chy and chk. Morduch (2005) finds that idiosyncratic risk accounts for 75% to 96% of

the income variation in rural India. Udry (1990) reports similar magnitude for Northern

Nigeria. Considering these findings, I estimate the model twice: first with chy = chk = 0

and then with chy = chk = 0.3.

Table 4.3 shows the estimates of the parameters24. Comparing the estimates in two

cases, we can see that for most of the parameters the estimates are similar. The estimates

of δ are less than 0.01, which means that aging causes a small depreciation on the value

of livestock every year25. This effect is very small compared to the finding of Elbers et al.

(2007), which is 0.133. The estimates of γ are very close to zero, suggesting a log utility

function. This is also what Elbers et al. (2007) find in their paper. Households do pay

a lot of attention to their future utility as the estimates of the discount rate β are big

(more than 0.9 in both cases)26. The estimates of the correlation between income shock

and livestock shock c1 are very different if the correlations of the shocks across households

are different. This is understandable because of the high correlations between chy, chk

and c1.

I find that the sizes of the shocks in these Ethiopian villages are big, as the estimates

of the standard deviations of the shocks σy and σk are both much bigger than the values

found in Elbers et al. (2007)27. To see whether these estimates actually reflect the situation

in the data, I calculate the standard deviation of livestock holdings for each household and

then take the median of it. The number is 883 Birr. Compared to the mean of livestock

holdings reported in Table 4.1, this number implies that on average with a positive shock

24The BHHH estimator (see e.g., Davidson and MacKinnon [2004, p416]) is used to calculate the
standard errors.

25The estimate of δ is insignificant in the case chy = chk = 0.3. To check the impact of this, I fix δ to
be 0.1 and see how the estimates of the other parameters change. The estimation increases β to adjust
for the change in δ and the other parameters change very little. The findings in the next subsection are
very robust to these changes in the estimates of the parameters.

26The estimate of β in Elbers et al. (2007) is only 0.749, which is rather small.
27In Elbers et al. (2007), σy = 0.269 and σk = 0.277.
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of one standard deviation from the mean, household livestock holding increases 38%28 to

57%29. The estimate of σk is 0.368 and 0.430 in the two cases, which implies that with

a positive shock of one standard deviation from the mean, household livestock holding

increases 35% and 40%30 in the two cases. This outcome from the model agrees with the

situation in the data. Another point we need to note is that the standard deviation of the

shock σy is under-estimated. As discussed earlier in this chapter, household may change

their labour supply (e.g. work harder, participate in wage-earning activities) to mitigate

shocks. The estimates of σy can only measure the standard deviation of the mitigated

shocks, and therefore underestimate the shocks.

Table 4.3: The estimates of the parameters

chy = chk = 0 chy = chk = 0.3
Parameter Estimate S.D. Estimate S.D.

δ 0.007 4.12E-04 0.009 0.022
γ 2.77E-08 1.49E-09 1.07E-04 0.001
β 0.919 0.007 0.919 0.019
σy 0.541 0.006 0.541 0.018
σk 0.367 0.006 0.430 0.015
c1 0.600 0.026 0.381 0.022

Number of households 919 919
−2 × log(LL) 8659.10 8678.10

Note.—Observations with missing values in livestock are dropped.
Data from households observed for less than 4 times are dropped.

4.5.2 The impact of risk on livestock accumulation and welfare

of the households

The ex ante and the ex post effect

Based on the estimates of the parameters I am now able to simulate the paths of livestock

accumulation. I do this for the two sets of parameters shown in Table 4.3. Considering

that the impact of risk on livestock accumulation may differ for households with differ-

ent productivities, I perform the simulations for different values of productivity. Figure

4.1 and Figure 4.2 show the results of the simulations for the cases chy = chk = 0 and

chy = chk = 0.3 respectively.

In both figures the solid line is the mean of the values of livestock over 100,000 paths

28(883 + 2302)/2302.
29(883 + 1557)/1557.
30exp(σk − (σk)2/2) − 1.
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Figure 4.1: Simulation results for the case chy = chk = 0
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Figure 4.2: Simulation results for the case chy = chk = 0.3
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of livestock accumulation, when shocks are expected and do happen. The line with pluses

is the path of livestock accumulation when the shocks are expected by the household but

do not actually happen. The household adjusts its investment behavior in both cases

since it expects shocks in both cases. The difference between these two lines capture

the ex post effect of the shocks on livestock accumulation. The dashed line is the path

of livestock accumulation when shocks are not expected and also do not happen31. The

difference between the line with pluses and the dashed line captures how livestock accu-

mulation changes because of behavioral response of the household to risk. This is the ex

ante effect.

There are four cases possible depending on the productivity level32. Figure 4.1 and

Figure 4.2 show the order of the three lines for these four cases. For the very unproduc-

tive households (e.g. ah = 0.274), both the ex ante and the ex post effect are positive

and the ex post effect is bigger than the ex ante effect. Therefore, for these households

the impact of risk on livestock accumulation is positive. For the next type of households

(e.g. ah = 0.332), the ex post effect is positive but the ex ante effect is negative. The

ex post effect is bigger than the ex ante effect in absolute value. Therefore, for these

households the impact of risk on livestock accumulation is still positive. For the third

type of households (e.g. ah = 0.9), the ex post effect is positive and the ex ante effect is

negative like the second type. However, the ex ante effect is now bigger than the ex post

effect in absolute value. Therefore, for these households the impact of risk on livestock

accumulation is negative. For the very productive households (e.g. ah = 1.255), both the

ex ante effect and the ex post effect are negative. Therefore, for these households the

impact of risk on livestock accumulation is negative.

To understand the reason that the signs of the ex ante and the ex post effect depend on

the productivity of the households, I examine the shape of the estimated policy function

ϕ̂(w̃, ah). First I look at the ex ante effect. We need to compare the paths of livestock

accumulation in the case that shocks are not expected and do not happen (SNENH), and

in the case that shocks are expected and do not happen (SENH). As in both cases shocks

do not happen, the differences in the livestock accumulation are purely caused by the

31Note that δ is one of the parameters that control the convergence of livestock accumulation in a
deterministic version of the model defined in equation (4.16)-(4.18) (shocks are not expected and also do
not happen). In the deterministic version of the model, the livestock holdings in the steady state satisfies

the condition β ∂(ah(α1k̃−ρ+1)
−

τ
ρ +(1−δ)k̃)

∂k̃
= 1. As the condition is decreasing in k̃, a decrease in δ makes

k̃ increase. Therefore, one may worry that with a very small estimate of δ shown in Table 4.3 the steady
state k̃ becomes close to infinity and the path of livestock accumulation will not converge. The situation
that k̃ is close to infinity however does not happen even though my estimate of δ is very small. We can
see from Figure 4.1 and Figure 4.2 that in all cases the paths of livestock accumulation converge in the
end of the 90-year simulation period.

32The finding that the sign of the ex ante effect of risk on livestock accumulation depends on household
productivity can be illustrated using a two-period model. Appendix B shows the details.
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differences in the shape of the policy function. The two graphs in Figure 4.3 show the

policy functions for a household with productivity ah = 0.274 and a household with pro-

ductivity ah = 0.9. In each of the graphs, the solid line shows the policy function when

shocks are expected (SE) and the dashed line shows the policy function when shocks

are not expected (SNE). The major difference between the two graphs is that only for

an unproductive household (e.g. ah = 0.274) there exists a range of wealth w̃ (zero to

around 0.5), for which the household holds more livestock in the SE case than in the SNE

case33. The household starts with the same k̃0 in both SENE and SNENH case. Because

of its unproductivity its wealth at time t = 1 w̃1 is very likely to be within this range34.

Therefore, at time t = 1 the household holds more livestock in the SENH case than in

the SNENH case (k̃SENH
1 > k̃SNENH

1 ). Shocks do not actually happen in both cases so

w̃SENH
2 > w̃SNENH

2 . From time t = 2 on, two reasons make the household hold more

livestock in the SENH case: First, the household chooses to hold more livestock with the

same level of wealth in hand in the SENH case. Second, the household’s wealth level is

higher in the SENH case. Therefore, the household will always hold more livestock in the

SENH case and the ex ante effect of risk on livestock accumulation is positive for this

household. For a household with productivity ah = 0.9, with the same w̃ the household

always chooses to hold more livestock k̃ in the SNENH case than in the SENH case35.

Therefore, the household holds more wealth and livestock in the SNENH case, and the ex

ante effect of risk on livestock accumulation is negative.

Next we look at the ex post effect. We need to compare the paths of livestock accu-

mulation in the case that shocks are expected and do happen (SEH), and in the case that

shocks are expected and do not happen (SENH). A household starts with the same k̃0 in

both SEH and SENH case. These two cases share the same policy function ϕ(w̃t, ah) and

in the SENH case sy
1 = ... = sy

t = 1, sk
1 = ... = sk

t = 1. At period t+1, we have the level

33It may seem that in Figure 4.A2 in Appendix A the policy functions are not calculated very precisely
in this range when w̃ is very small. More points of w̃ are used in calculating the policy functions shown
in Figure 4.3 than calculating Figure 4.A2 in Appendix A. After checking the Euler equation (4.19) I find
that the policy functions shown in Figure 4.3 are very precise even for small w̃. The range of wealth w̃,
for which the household holds more livestock in the SE case than in the SNE case, exists no matter the
number of points of w̃ is the one used in Appendix A or the one used in Figure 4.3.

34For this unproductive household its wealth w̃ at the end of the 90-year simulation period is 0.423 in
the SENH case and 0.383 in the SNENH case.

35When w̃ is small and ah = 0.9, the policy functions in the SNENH and the SENH case are not very
different. However, it should be noted that for households with ah = 0.9 their wealth w̃ is usually big
enough to be in the range that households choose to hold significantly more livestock in the SNENH case
than in the SENH case given w̃.
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Figure 4.3: Explain the sign of the ex ante effect
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of livestock holdings for this household in the two cases:

Ek̃SEH
t+1 = Eϕ(sy

t+1G(ah, k̃t(k̃0; s
y
1...s

y
t ; s

k
1...s

k
t )) + sk

t+1(1 − δ)k̃t(k̃0; s
y
1...s

y
t ; s

k
1...s

k
t ), ah),

(4.21)

k̃SENH
t+1 = ϕ(G(ah, k̃t(k̃0; 1...1; 1...1)) + (1 − δ)k̃t(k̃0; 1...1; 1...1), ah), (4.22)

where G(ah, k̃t) = ah(α1k̃
−ρ
t + 1)−

τ
ρ .

The impact of an increase in risk on Ek̃SEH
t+1 comes in through both an increase of the

spread of sy
t+1, s

k
t+1 and the spread of k̃t. We can see from Figure 4.A1 that ϕ(w̃t+1, ah) is

convex in w̃t+1 for very small w̃t+1 and close to be linear for bigger w̃t+1. Therefore, the

expression on the right hand side after the expectation sign in equation (4.21) (henceforth

referred to simply as “the expression”) is convex in sy
t+1 and sk

t+1 for very small w̃t+1 and

close to be linear for bigger w̃t+1. The convexity of the expression in k̃t depends on the

convexity of both ϕ(w̃t+1, ah) and G(ah, k̃t). As G(ah, k̃t) is concave in k̃t and ϕ(w̃t+1, ah)

is convex in w̃t+1 for very small w̃t+1 and close to be linear for bigger w̃t+1, the expression

is concave in k̃t when w̃t+1 is big. Therefore, for an unproductive household (associated

with small w̃t+1) an increase in risk increases Ek̃t+1 (the expression is convex in sy
t+1 and

sk
t+1, and also likely to be convex in k̃t), which means that the ex post effect of risk is pos-

itive. For a productive household (associated with big w̃t+1) an increase in risk decreases

Ek̃t+1 (the expression is almost linear in sy
t+1 and sk

t+1, and concave in k̃t), which means

that the ex post effect of risk is negative.

The magnitude of the effect of risk on livestock accumulation and welfare

The case that shocks are not expected and do not happen can be interpreted as what would

happen if actuarially fair insurance were introduced. As the impact of risk on livestock

accumulation differs for households with different productivities, whether introducing this

insurance has a positive impact on livestock accumulation depends on the distribution of

the productivity of the households. I therefore calculate the thresholds of productivity

when the orders of the three lines discussed in the previous section change. Table 4.4

shows these thresholds and the percentiles of these thresholds. The thresholds are very

similar for the two cases chy = chk = 0 and chy = chk = 0.3.

From Table 4.4 we can see that for most of the households the impact of risk on

livestock accumulation is negative, since 96% of the households are Type 3 and Type 4

households. Less than 1% of the households are Type 1 with both ex ante and ex post

effect positive. Around 30% to 40% of the households are Type 4 households with both

ex ante and ex post effect negative.
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Table 4.4: The thresholds
chy = chk = 0 chy = chk = 0.3

Threshold Percentile Threshold Percentile
Type 1 to Type 2 0.326 (0.004) 0.317 (0.003)
Type 2 to Type 3 0.434 (0.04) 0.414 (0.04)
Type 3 to Type 4 1.067 (0.63) 1.167 (0.70)

To compare the magnitude of the impact of risk on livestock accumulation, in Table

4.5 I list a few measures of livestock holdings at the end of the 90-year simulation period

for the four households shown in Figure 4.1 and Figure 4.2. The first three columns show

the livestock holdings at the end of the 90-year period for the cases SNENH, SENH and

SEH respectively. The fourth column shows the ratio between the livestock holdings in

the SENH case and in the SNENH case minus 1, which captures the magnitude of the ex

ante effect. The fifth and the sixth column capture the magnitude of the ex post effect

and the total effect of the ex ante and the ex post effect. All the numbers are very similar

in the two cases (chy = chk = 0 and chy = chk = 0.3). From Table 4.5 we can see that for

the very unproductive Type 1 household (ah = 0.274), both the ex ante and the ex post

effect are big. For the chy = chk = 0 case, the household’s livestock holding increases

53% because of the positive ex ante effect and increases 80% because of the positive ex

post effect. For the Type 2 household (ah = 0.332), the ex post effect is big but the ex

ante effect is very small. Only a very small portion of the households are Type 1 and

Type 2 households as we can see from Table 4.4. The majority of the households are

Type 3 and Type 4 households. For these households, the ex ante effect dominates the

ex post effect if we compare column (4) and (5) in Table 4.5. This impact of risk on

livestock accumulation is not negligible. For an median household (ah = 0.9), under risk

the expected value of livestock at the end of a 90-year simulation period is 46% lower

than it would be in the riskfree case (taking chy = chk = 0 for example). For a Type 4

household (ah = 1.255), this number is 53%.

It is not difficult to understand that risk causes volatility in income and consumption,

and leads to transitory poverty. However, the findings in this chapter show that for the

majority of the households risk lowers growth on average and therefore has a persistent

effect on household consumption. These findings in general agree with what Elbers et al.

(2007) find in their paper. I also find that the ex ante effect is the dominant effect for

an median household. As Elbers et al. (2007) mentioned that in much of the empirical

literature (e.g., Ravallion 1988; Dercon and Krishnan 2000; Dercon 2004) the actual

shocks are assumed to be an adequate measure of the effect of risk. This is not the

case for Ethiopia: most of the impact of risk on livestock accumulation is caused by the

behavioral change of the households instead of the actual damage caused by the shocks.
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Table 4.5: The livestock holdings in the end of the 90-year period

chy = chk = 0
SNENH SENH SEH SENH

SNENH
− 1 SEH−SENH

SNENH

SEH

SNENH
− 1

(1) (2) (3) (4) (5) (6)
ah = 0.274 0.100 0.153 0.233 0.525 0.800 1.325
ah = 0.332 0.241 0.234 0.342 -0.027 0.448 0.421
ah = 0.9 4.691 2.215 2.529 -0.528 0.067 -0.461
ah = 1.255 11.422 6.020 5.406 -0.473 -0.054 -0.527

chy = chk = 0.3
SNENH SENH SEH SENH

SNENH
− 1 SEH−SENH

SNENH

SEH

SNENH
− 1

(1) (2) (3) (4) (5) (6)
ah = 0.274 0.097 0.137 0.208 0.412 0.732 1.144
ah = 0.332 0.224 0.208 0.303 -0.071 0.424 0.353
ah = 0.9 4.276 1.735 1.994 -0.594 0.060 -0.534
ah = 1.255 11.024 4.686 4.479 -0.575 -0.019 -0.594

So far I focus on the impact of risk on livestock accumulation in this chapter. It may

however also be interesting to look at the impact of risk on households’ welfare. In the first

three columns of Table 4.6 and Table 4.7 I list the welfare (E0

∑90
t=1 β

t−1u(ct)) for 16 types

of households (4 types of productivities and 4 types of k̃0) in the two cases (chy = chk = 0

and chy = chk = 0.3). The results in these two tables are very similar. Actuarially

fair insurance will always be welfare improving since the values in column (1) are always

bigger than those in column (3)36. This is very understandable as the households are

risk averse. It is an interesting finding: even though insurance will discourage livestock

accumulation for the unproductive households it will still be welfare improving for them.

We can also decompose the impact of risk on welfare into an ex ante and an ex post effect.

The difference between SNENH and SENH in Table 4.6 and Table 4.7 captures the ex

ante effect and the difference between SENH and SEH captures the ex post effect. The

fourth column lists the transfers (only received at t=1) that are necessary to equate the

welfare in the SENH and SNENH cases37. Similarly, the fifth column shows the transfers

that are necessary to equate the welfare in the SEH and SENH cases. A positive number

in the fourth (fifth) column means that risk has a negative ex ante (ex post) impact on

welfare. We can see that for all types both the ex post and the ex post effect of risk on

welfare is negative. Compared to the ex post effect, the ex ante effect of risk on welfare

is almost negligible for all types. In all cases, the ex ante effect is less than 10% of the

36Note that this finding is different from the one in Chapter 3, where I find that formal insurance is only
welfare improving for households with more assets. The cause of the difference is that in the model used
in Chapter 3 households (especially the asset-poor households) are already well protected against risk
through informal insurance, but in the model used in this chapter informal insurance is almost absent.

37It can be thought of as the equivalent variation in the welfare analysis.
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ex post effect. To get a sense of how big these transfers are, I also list the wealth w̃1 in

the riskfree case in the sixth column. The effect of risk on welfare is not negligible for

all types of households. The transfers the households need to receive at t=1 to overcome

the negative effect of risk on welfare (mostly ex post effect) are from 36% to 123% of

w̃1 in the riskfree case. For a household with median productivity and k̃0 equal to 0,

0.921, 1.803, 4.005, this number is 101%, 63%, 60% and 55%, respectively (in the case

chy = chk = 0.3).

The findings on the impact of risk on livestock accumulation imply that introducing

Table 4.6: The welfare chy = chk = 0
SNENH SENH SEH ex ante ex post w̃1 (riskfree)

(1) (2) (3) (4) (5) (6)

k̃ = 0 (min)

ah=0.274 -15.857 -15.882 -16.818 0.006 0.232 0.274
ah=0.332 -13.423 -13.434 -14.364 0.003 0.274 0.332
ah=0.9 0.116 0.041 -1.115 0.050 0.845 0.900
ah=1.255 5.185 5.081 3.637 0.087 1.428 1.255

k̃ = 0.921 (30th percentile)
ah=0.274 -13.089 -13.100 -14.016 0.005 0.449 1.251
ah=0.332 -10.950 -10.952 -11.869 0.002 0.503 1.323
ah=0.9 1.576 1.482 0.290 0.085 1.239 2.021
ah=1.255 6.448 6.332 4.833 0.128 1.982 2.457

k̃ = 1.803 (60th percentile)
ah=0.274 -11.290 -11.317 -12.374 0.016 0.688 2.164
ah=0.332 -9.310 -9.327 -10.370 0.011 0.747 2.244
ah=0.9 2.609 2.503 1.226 0.114 1.604 3.020
ah=1.255 7.344 7.220 5.642 0.160 2.465 3.506

k̃ = 4.005 (90th percentile)
ah=0.274 -8.066 -8.127 -9.546 0.052 1.418 4.426
ah=0.332 -6.328 -6.376 -7.749 0.045 1.482 4.521
ah=0.9 4.595 4.470 2.973 0.179 2.573 5.453
ah=1.255 9.082 8.944 7.175 0.234 3.678 6.036

an actuarially fair insurance will help the majority of the households accumulate more

livestock and therefore stimulate growth. Since households are risk averse, an insurance

will always be welfare improving for the households including the small portion of the

households which will not benefit from the insurance in terms of livestock accumulation38.

38Rosenzweig and Wolpin (1993) find that an actuarially fair insurance has little impact on the welfare
of risk averse households. This is because they assume that households are already protected by a disaster
insurance by imposing a floor to household consumption.
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Table 4.7: The welfare chy = chk = 0.3
SNENH SENH SEH ex ante ex post w̃1 (riskfree)

(1) (2) (3) (4) (5) (6)

k̃ = 0 (min)
ah=0.274 -15.791 -15.813 -16.751 0.005 0.234 0.274
ah=0.332 -13.372 -13.380 -14.310 0.002 0.276 0.332
ah=0.9 0.067 -0.039 -1.170 0.071 0.835 0.900
ah=1.255 5.094 4.939 3.528 0.133 1.415 1.255

k̃ = 0.921 (30th percentile)
ah=0.274 -13.047 -13.063 -14.006 0.008 0.476 1.249
ah=0.332 -10.920 -10.927 -11.863 0.004 0.528 1.321
ah=0.9 1.513 1.378 0.214 0.125 1.140 2.019
ah=1.255 6.347 6.170 4.706 0.198 1.986 2.455

k̃ = 1.803 (60th percentile)
ah=0.274 -11.266 -11.309 -12.432 0.025 0.759 2.161
ah=0.332 -9.297 -9.328 -10.423 0.020 0.813 2.240
ah=0.9 2.537 2.381 1.121 0.171 1.631 3.017
ah=1.255 7.235 7.045 5.493 0.250 2.501 3.502

k̃ = 4.005 (90th percentile)
ah=0.274 -8.077 -8.175 -9.748 0.086 1.654 4.418
ah=0.332 -6.347 -6.430 -7.932 0.078 1.702 4.513
ah=0.9 4.503 4.312 2.798 0.274 2.711 5.445
ah=1.255 8.957 8.743 6.969 0.274 3.838 6.028
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4.6 Robustness checks

4.6.1 When consumption data are observed

As mentioned in Section 4.2, the ERHS data do not only provide information on income

and livestock but also provide information on consumption. The data on consumption

provide extra information on the behavior of the households in investment. Therefore,

in this section I study a variation of the model described in Section 4.3 and 4.4. In this

variation consumption data are assumed to be available. The model is as follows:

V (w(k̃vh0, s
y
vh0, s

k
vh0)) = max

c̃vht,k̃vht

E0

∞∑

t=1

βt−1 c̃
γ
vht − 1

γ
, (4.23)

subject to

w̃vht = sy
vhtahvht−1(α1k̃

−ρ
vht−1 + 1)−

τ
ρ + sk

vht(1 − δ)k̃vht−1, (4.24)

c̃vht = w̃vht − k̃vht, (4.25)

for t = 1, 2, ... and k̃vh0, s
y
vh0, s

k
vh0 given.

Consumption data are observed with errors:

ˆ̃cvht = c̃vhts
c
vht, (4.26)

where ˆ̃cvht is the observed consumption, sc
vht is the error in measuring consumption and

ln(sc
vht) ∼ N(ln(θ) − σ2

c/2, σ
2
c ). Adding the error term sc

vht into the model provides one

degree of freedom to the model, which allows to include the consumption data in the

estimation procedure.

As sc
vht is assumed to purely capture the error, the policy function does not depend

on sc
vht. I therefore only need to modify the way to calculate the likelihood in order to

take the consumption data into consideration. When estimating the model in Section 4.3

and 4.4, a large number of paths of accumulation of livestock are generated by drawing a

large number of sy and sk. Additionally, I draw a large number of sc. I then generate a

large number of paths of consumption. In this way the likelihood is calculated using both

consumption and livestock data and the model can be estimated by Simulated Pseudo

Maximum Likelihood Estimation.

The left part of Table 4.8 shows the estimates of the parameters of this model (chy

and chk are fixed to be 0.15). Compared to the estimates of the parameters in Table

4.3, the estimates do not become very different when the consumption data are used.

The estimates of δ, γ, β and σy are very similar. The estimate of σk is a bit bigger and
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the estimate of c1 is smaller. It should be noted that due to the mismatch between the

consumption and the income data, the estimates of the mean and standard deviation of

the measurement error sc are very big39.

Table 4.8: When consumption data are used

Parameter Estimate S.D. Threshold Percentile
δ 0.001 0.017 Type 1 to Type 2 0.275 0.0002
γ 0.002 0.005 Type 2 to Type 3 0.333 0.01
β 0.923 0.011 Type 3 to Type 4 1.107 0.66
σy 0.555 0.005
σk 0.476 0.008
c1 0.273 0.007
θ 4.016 0.100
σc 0.701 0.010

Number of households: 915
−2 × log(LL): 16348.60

Note.—Observations with missing values in consumption and livestock are
dropped. Data from households observed for less than 4 times are dropped.

The right part of Table 4.8 shows the thresholds. Recall that for Type 3 and Type 4

households, introducing insurance will have a positive impact on livestock accumulation.

We can see in Table 4.8 that 99% of the households are Type 3 and Type 4 households.

4.6.2 Systematic error in measuring income

Income data in household surveys are often measured with errors. As discussed in Chap-

ter 2, these errors can be caused by a tendency of the surveyed households to underreport

their income, recall bias, etc. Additionally, as the income data in the ERHS are collected

by asking about household income from possible sources, such as from farm income and

wage income, an incomplete list of income sources in the questionnaire can also cause

systematic error in measuring income.

As described in Section 4.4, the likelihood calculated in the Simulated Pseudo Maxi-

mum likelihood Estimation is only on the livestock data. Therefore, the error in measuring

income cannot play a direct role in the Simulated Pseudo Maximum likelihood Estima-

tion. However, the income data are used to estimate the income function and the income

39This actually reflects the situation in the data. If I calculate the mean of the ratio between consump-
tion and income in the data, it is over 4. Considering this big number can be caused by observations
with very big and very small consumption I re-estimate the model without the observations with very
big and very small ratio between consumption and income. The criterion to keep an observation is that
the log of the ratio is within 2.5 standard deviations from the mean. In this case, the other estimates of
the parameters change very little. I do observe a decrease in the estimate of θ but it is still over 3.5.
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function is used for the later estimation. The error in measuring income can lead to wrong

estimates of the parameters through the incorrectly estimated income function. To see

the impact of the error, we need to look at the income equation (4.8):

yvht = (α1k
−ρ
vht−1 + α2lab

−ρ
vht−1 + α3lan

−ρ
vht−1)

− τ
ρ

exp(
∑

i

ηiai,vht−1 +
∑

j

φjdj,vh +
∑

o

ψolo +
∑

p

λpwsp,vht

+
∑

q

χqosq,vht + cons+ evht).

Consider the case

ŷvht = yvhts
m
vht, (4.27)

where ŷvht is the observed income and ln(sm
vht) ∼ N(λ− (σm)2/2, (σm)2).

If λ−(σm)2/2 is equal to zero, all the coefficients in the income equation are estimated

consistently and the error in measuring income has no effect on the estimation of the

model defined in equations (4.16)-(4.18). However, if λ − (σm)2/2 is not equal to zero,

the estimate of the constant cons is biased since it captures the mean of the error as well.

In this case we can derive from equation (4.13) that the productivity of the households is

calculated with error:

âhvht−1 = ahvht−1 exp(λ− (σm)2/2), (4.28)

where âhvht−1 is the observed productivity. Therefore, the productivities of the households

need to be scaled by 1/ exp(λ−(σm)2/2) when we estimate the model. The model defined

in equations (4.16)-(4.18) can be rewritten as:

V (w(k̃vh0, s
y
vh0, s

k
vh0)) = max

c̃vht,k̃vht

E0

∞∑

t=1

βt−1 c̃
γ
vht − 1

γ
, (4.29)

subject to

w̃vht = sy
vht

âhvht−1

exp(λ− (σm)2/2)
(α1k̃

−ρ
vht−1 + 1)−

τ
ρ + sk

vht(1 − δ)k̃vht−1, (4.30)

c̃vht = w̃vht − k̃vht, (4.31)

for t = 1, 2, ... and k̃vh0, s
y
vh0, s

k
vh0 given.

As we can see from Section 4.2, the average value of the income is much smaller than

the average value of the consumption. I thus suspect that the income was underreported

and λ−(σm)2/2 is below zero. I found in the estimation that λ is difficult to be identified.

I therefore fix 1/ exp(λ − (σm)2/2) and re-estimate the model to see how the estimates
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of the parameters change and how the impact of risk on livestock accumulation changes.

The left part of Table 4.9 shows the results when 1/ exp(λ − (σm)2/2) is fixed to be 1.5

(chy = chk = 0.15)40.

Table 4.9: When there is an error in measuring income

Parameter Estimate S.D. Threshold Percentile
δ 0.012 0.001 Type 1 to Type 2 0.545 0.10
γ 5.88e-008 8.33e-009 Type 2 to Type 3 0.732 0.32
β 0.856 0.010 Type 3 to Type 4 1.191 0.72
σy 0.516 0.010
σk 0.368 0.007
c1 0.520 0.025

Number of households: 919
−2 × log(LL): 9109.49

Note.—Observations with missing values in livestock are dropped. Data from
households observed for less than 4 times are dropped.

We can see from Table 4.9 that most of the estimates of the parameters are very similar

to those in Table 4.3. The mean of the error has the biggest impact on the estimate of β,

which becomes much smaller. To check the impact of the error in measuring income on

the findings from the original model, I calculate the thresholds when the order of the three

lines discussed in Section 4.5.2 changes. The results are shown in the right part of Table

4.9. Using the estimates from this model, which assumes that one third of the income

was underreported, insurance will have a positive impact on livestock accumulation for

68% of the households.

4.6.3 How robust are the results?

To explore how robust the findings from the original model are, I simulate the paths of

livestock accumulation for a median household using the four sets of estimates of the

parameters (these four sets are: the two cases from the original model, the case that

consumption data are used in the estimation and the case that there is systematic error

in measuring income). The results from the simulation are shown in Figure 4.4. We can

see from Figure 4.4 that the order of the three lines are the same in all graphs, which

means that the signs of the ex ante, ex post and total effect of risk on livestock holdings

are the same for this median household in all four models. In this sense, the results are

40There is no particular reason to choose 1.5. The purpose of this section is to illustrate how the
results change when income is observed with an error, which has a reasonable nonzero mean. In terms
of estimation only the calculated productivity ah needs to be scaled by 1.5 and the estimation procedure
discussed in Section 4.4 does not need to be changed.
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very robust.

Besides the signs of the ex ante, ex post and total effect of risk on livestock holdings

for the median household, an important finding from the original model is that for most

of the households insurance will have an positive impact on livestock accumulation (96%

of the households in the original model, see Table 4.4). This finding still holds in the

robustness checks though the percentage of households for which insurance will have a

positive impact varies: 99% in the model when consumption data are used and 68% in

the model assuming systematic error in measuring income.

Next we look at the size of the ex ante, ex post and total effect for this median

household. The size of the ex post effect is very similar in all four models: the livestock

holding in the end of the 90-year period is 13%-15% higher in the SEH situation than in

the SENH situation. The major difference of the results of the four models comes from the

size of the ex ante effect. The livestock holding in the end of the 90-year period is lower

in the SENH situation than in the SNENH situation. In the last model (systematic error

in measuring income) it only reduces 26%41 but in the third model (when consumption

data are used) it reduces 69%, while the results from the original model is in between

(53% to 60%). This is mainly casused by the difference in the estimate of β. I notice in

the simulation that the path of livestock accumulation in the situation SNENH is very

sensitive to the change in β. Therefore, a big estimate of β (0.923) in the third model

generates a big ex ante effect and a small β (0.856) in the last model generates a small

ex ante effect.

In summary, some quantitative results (the size of the ex ante effect and the percentage

of households for which insurance will have a positive impact) are changing from model to

model. However, qualitatively the findings from the original model are robust: for most

of the households insurance will have a positive impact on livestock accumulation. For a

median household risk has a significant negative impact on livestock accumulation. The

ex ante effect is the dominant effect. The ex ante effect of risk on livestock accumulation

is negative and the ex post effect is positive for this household.

4.7 Conclusion

This chapter studies the effect of shocks on livestock accumulation in rural Ethiopia.

Livestock are the most important asset households own in rural Ethiopia. It is not riskfree

and the return on it is also not riskfree, which makes it different from the asset usually

discussed in the literature, see e.g. Deaton (1991). I use a model similar to the one

used in Elbers et al. (2007) to describe the households’ investment behavior on livestock

41 SENH
SNENH

− 1.
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Figure 4.4: Simulation results for a household with ah = 0.9 (median)
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Note.— The first and the second graph in this figure are the third graph in Figure 4.1
and 4.2 but in a different scale.

The solid line: shock are expected and do happen (SEH);
The dashed line: shock are not expected and do not happen (SNENH);
The line with pluses: shock are expected but do not happen (SENH).
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accumulation. However, the model in this chapter is different from the one used in Elbers

et al. (2007) in many important respects: the way to deal with transfer income and the

way to capture the correlation of shocks across households. The model is also estimated

using a different method compared to Elbers et al. (2007). Because of the low level of

transfers, the way to deal with transfers does not have a major impact on the findings of

this chapter. The correlation of shocks across households is difficult to be estimated and

it is shown in the chapter that the results do not depend on the value of the correlation.

The estimation method makes the biggest difference between this chapter and Elbers et

al. (2007). As shown in the chapter, the policy functions calculated using the two methods

are very different, which certainly has a major impact on the estimates of the parameters

in the model.

The impact of risk on livestock accumulation is found to be different for households

with different productivities. However, for most of the households this impact is negative

and big. For an median household, under risk the expected value of livestock at the end of

a 90-year simulation period is 46% lower than it would be in the riskfree case. The signs

and sizes of the ex ante effect of shocks (the effect of households’ behavioral response to

risk) and the ex post effect (the effect of shocks after they actually happen) also differ for

households with different productivities. These findings suggest that policy intervention

like formal insurance would definitely help households accumulate more livestock.

Income is often measured with error in household surveys. I explore this issue in this

chapter and show that the conclusions drawn from the original model on the impact of

risk on livestock accumulation are qualitatively robust to the error in measuring income,

if income was not very seriously underreported. I focus on whether the error changes

the conclusion from the original model in this chapter. Future studies may pay more

attention to how to correct for the error in measuring income in the process of estimating

the model. I investigate the possibility to use consumption data to estimate the model. It

is feasible, but how well the model performs and to what extent it provides extra insights

of the behavior of the households depend on the quality of the data.
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Appendices

Appendix A: The precision of the policy function

In this appendix, I compare the method used in this chapter to calculate the policy

function to the one used in Elbers et al. (2007). The description of the method used in

this chapter can be found in Section 4.4.2. I will first give a short summary of the method

used in Elbers et al. (2007). The details of their method can be found in Elbers et al.

(Appendix, 2007).

The model in equations (4.16)-(4.18) can be written as the Bellman equation:

V (w̃vht(k̃vht−1, s
y
vht, s

k
vht)) = max

k̃vht

u(w̃vht(k̃vht−1, s
y
vht, s

k
vht) − k̃vht)

+βEV (w̃vht+1(k̃vht, s
y
vht+1, s

k
vht+1)).

Elbers et al. (2007) use an approximation to solve this equation by restricting and

rounding variables to a finite grid of (w̃, k̃, sy, sk) values. Since only finite sets of val-

ues for (k̃, sy, sk) are used and w̃ is rounded to the nearest grid value, the probabilities

pij = Prob(w̃(k̃i, s
y, sk) = w̃j) can be calculated42. The equation to solve becomes

V (w̃l) = max
i
u(w̃l − k̃i) + β

∑

j

pijV (w̃j), for all l.

Starting with arbitrary values for V (w̃l), this equation can be solved by iteration. The

solution V (w̃l) is used to derive the policy function.

A solution to the policy function should satisfy equation (4.19). I therefore use equa-

tion (4.19) to check the precision of the policy functions calculated using different methods.

Figure 4.A1 shows the policy functions calculated using the method used in Elbers et al.

(2007) and the one used in this chapter43. The policy functions are both calculated for

the productivity ah = 0.944. We can understand from the algorithm of the two methods

that the precision of the policy function depends on the number of points on the grid of

w̃ and how the points are distributed. For the purpose of comparison, I use exactly the

same points on the grid of w̃ (evenly distributed 100 points from 0.01 to 10) to calculate

the policy function with the two methods shown in Figure 4.A1. We can see from Figure

4.A1 that the policy functions calculated using the two methods are indeed different: for

42w̃j means that it is the jth point on the grid of w̃.
43The policy function is calculated using the estimates in the case chy = chk = 0.3 (shown in Table

4.3). The shape of the lines remains very similar when the other sets of the estimates of the parameters
shown in Section 4.5 and Section 4.6 are used.

44This exercise is also done for other values of ah. How well one method performs does not depend on
ah.
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the same w̃ the optimal value of k̃ is in general bigger using the method in Elbers et al.

(2007) than using the method in this chapter. Figure 4.A2 shows the ratio between the

value of the left and right hand side of equation (4.19). The closer this ratio is to 1 the

more precise the policy function is. We can see from Figure 4.A2 that the ratio is very

different from 1 for w̃ < 2 when Elbers et al. (2007) method is used. This range w̃ < 2

covers the majority of the observations in the data. The ratio is only very different from

1 for very small value of w̃ when the method in this chapter is used. Therefore, when the

method discussed in this chapter is used the policy function is much more precise.

Figure 4.A1: The policy functions
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Appendix B: ex ante effect and household productivity

In this appendix, I illustrate how household productivity determines the sign of the ex

ante effect of risk on livestock accumulation using a two-period model. Consider the

following problem:

max
k1

u(c1) + βEu(c2) = u(w1 − k1) + βEu(sy
2ahf(k1) + sk

2(1 − δ)k1)

with initial wealth w1 given, u(x) = log(x) and f(k1) = (1 + a1k
−ρ
1 )−

τ
ρ . In this model, a

household maximizes its expected lifetime utility by choosing the optimal livestock hold-

ings k1 in the first period. In the second period the household consumes all the wealth

in hand sy
2ahf(k1) + sk

2(1 − δ)k1. The wealth is the sum of the household income and

its livestock holdings in the second period. Household income is captured by sy
2ahf(k1),

where sy
2 is the shock on income, ah is household productivity and f(k1) captures the role

of livestock in income generation. The income shock sy
2 is lognormally distributed and

ln(sy
2) ∼ N(−σ2

y

2
, σ2

y). The term sk
2(1− δ)k1 captures the livestock holdings. The livestock

shock sk
2 is lognormally distributed and ln(sk

2) ∼ N(−σ2
k

2
, σ2

k). The two shocks (sy
2 and

sk
2) are correlated with correlation coefficient equal to c. δ is the depreciation rate on

livestock.

Solving the model above analytically is not straightforward, but given a set of param-

eters (w1, ah, β, δ, σy, σk, c, a1, τ, ρ) it can easily be solved numerically. For any k1, the

term Eu(c2) can be calculated by drawing a large number of sy
2 and sy

2 according to their

distributions. Then the expected lifetime utility u(c1) + βEu(c2) can be approximated.

The optimal value of k1 is solved using numerical optimization.

To illustrate how household productivity determines the effect of risk on livestock

holdings, I calculate the optimal value of k1 for two households, one with productivity

ah = 0.274 and one with productivity ah = 1.255. The parameters β, δ, σy, σk, c are set

to be the estimates in Table 4.3 (chy = chk = 0.3). The parameters in the production

function a1, τ, ρ can be found in Table 4.2. The optimal k1 is then solved for a number of

w1 in the situation with risk and in the riskfree situation.

Figure 4.B1 shows the results. Initial wealth w1 is on the horizontal axis, and the

difference between the optimal k1 in the situation with risk and the riskfree situation is

on the vertical axis. We can see from Figure 4.B1 that the sign of the effect of risk on

k1 does depend on household productivity ah. For small w1 the effect is positive for both

households (ah = 0.274 and ah = 1.255). For medium-sized w1, the effect is positive for

the household with productivity ah = 1.255 and negative for the household with produc-

tivity ah = 0.274. For big w1 the effect is negative for both households. Note that high

productivity is usually associated with high wealth in hand. Therefore, the household
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with ah = 1.255 is very likely to start with a high initial wealth w1 and the household

with ah = 0.274 is very likely to start with a low initial wealth w1. Considering the case

that for the household with ah = 0.274 w1 is smaller than a value around 1.8 and for the

household with ah = 1.255 w1 is bigger than a value around 12, we observe that the effect

of risk on k1 is positive for the unproductive household (ah = 0.274) and negative for the

productive household (ah = 1.255). This is what we observe from the simulations using

the infinite horizon model in the main text of this chapter.

Elbers et al. (2007) show that in the two-period model asset risk has a negative effect

on livestock holdings and income risk has a positive effect. In the infinite horizon model

an asset shock affects not just one but all future periods, making it more likely that the

negative asset risk effect dominates the positive income risk affect. Therefore, one may

argue that using the same β for both infinite horizon and two-period model makes the two

models not comparable, since in the two-period model period two represents the entire

future. To see how the effect of risk changes when β changes, I plot similar graphs as

Figure 4.B1 but use different values for β. The three graphs with different values of β

(Figure 4.B1, 4.B2 and 4.B3) are very similar. The value of w1 in which the sign of the

effect of risk on k1 changes is only slightly different in the three graphs.

In summary, we can conclude that as in the infinite horizon model the effect of risk

on livestock holdings in the two-period model also depends on household productivity ah.

What we observe from the infinite horizon model that the effect is positive for unproduc-

tive households and negative for productive households can also occur in the two-period

model.

Figure 4.B1: The effect of risk on k1 (β = 0.919)
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Figure 4.B2: The effect of risk on k1 (β = 0.800)
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Figure 4.B3: The effect of risk on k1 (β = 0.990)
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Chapter 5

Pooling Data in Poverty Mapping

5.1 Introduction

The poverty mapping method developed in Elbers et al. (2002), henceforth abbreviated

with the ELL method, has been applied to many countries by the World Bank in its

poverty mapping projects: Azerbaijan (Baschieri and Falkingham 2004), Bangladesh

(Bangladesh Bureau of Statistics and the United Nations World Food Program 2004),

Brazil (Elbers, Lanjouw, Lanjouw, and Leite 2001), Bulgaria (Ivaschenko 2004), Cam-

bodia (Fujii 2003), Laos (Van der Weide 2004), Madagascar (Mistiaen and Özler 2002),

Morocco (Lanjouw 2004), Mozambique (Simler and Nhate 2003), Philippines (Haslett and

Jones 2005), Thailand (Healy, Hitsuchon, and Vajaragupta 2003), South Africa (Alder-

man, Babita, Demombynes, Makhatha, and Özler 2002), Vietnam (Minot, Baulch, and

Epprecht 2003) etc. The method is also incorporated into the World Bank software pro-

gram PovMap.

The method allows researchers to estimate poverty indicators at a disaggregated sub-

regional level by combining a bigger sample (e.g. data from a census) and a smaller sample

(e.g. data from a survey). The smaller sample is only representative at a level higher than

disaggregated sub-regional level. Poverty level often differs not only at the aggregated

national or regional level but also at the much more disaggregated sub-regional level. As

it is often too costly to collect data to estimate poverty indicators at the sub-regional

level directly, the ELL method has been widely adopted to produce poverty maps at the

disaggregated level. The results often provide important insights for policy making.

Applying the ELL method1 requires a consumption model to be built based on the

survey data. The estimates of the coefficients in this model are used to predict the con-

sumption in the census using the available information provided by the census data. Thus

building consumption models is an essential step in the ELL procedure. The survey sam-

1Section 5.2 will provide more description of the ELL method.
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ple is usually not a random sample from the census but often a stratified sample, and the

survey is representative at the stratum level. The number of strata varies from country

to country. For example, the Bulgaria survey used in Ivaschenko (2004) only consists of 3

strata, whereas the survey from Thailand used in Healy et al. (2003) consists of 76 strata.

The regression results of consumption models and the estimates of poverty indicators can

depend dramatically on whether models are built on data from one stratum only or data

from several strata.

Building consumption models stratum by stratum has an advantage. Tarozzi and

Deaton (2007) argue that producing poverty maps using the ELL method requires a

degree of spatial homogeneity. Combining data from different strata to build a single

consumption model will certainly introduce more spatial heterogeneity.

Currently, most of the poverty maps are produced based on consumption models built

stratum by stratum. Exceptions are projects done for Bangladesh (Bangladesh Bureau of

Statistics and the United Nations World Food Program 2004), the Philippines (Haslett

and Jones 2005), Morocco (Lanjouw 2004) and Vietnam (Minot et al. 2003). In the

Bangladeshi cases, one model was built for all the strata and it is argued that a single

model is more “stable”: “This has the advantage of more stable parameter estimates

and a better chance of finding genuine relationships that apply outside of the estimation

data” (Bangladesh Bureau of Statistics and the United Nations World Food Program

2004, p.14). However, the paper does not provide evidence on how a single model is more

“stable” than stratum by stratum models. It is also not very clear what “stable” means.

In the Philippine case, Haslett and Jones (2005) argue that fitting models stratum by

stratum may encounter the problem of overfitting. They experiment with both fitting

one single model for all the strata and fitting separate models stratum by stratum. They

find that the estimates from these two ways of modeling are not far away from each other.

In the Vietnamese case, the authors built two consumption models: one for urban

areas and one for rural areas. Their argument for doing so is that building consumption

models stratum by stratum makes the results not satisfactory: they have low fit, insignif-

icant coefficients and the “wrong” sign of the coefficients. The arguments are not very

convincing. Since the aim of building consumption models is to find the variables which

can best explain consumption, insignificant variables are usually not used in practice. As

the consumption model only serves a purely descriptive role2, the signs of the coefficients

do not matter. It is possible that with the variables that best explain consumption the

fit is still low, but it is not clear that the fit of this stratum can be improved by adding

observations from another stratum. In the Moroccan case (Lanjouw 2004), consumption

models are built on data from 3-5 strata because the survey covers too few observations

2See Section 5.2 for more details.
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for some strata (less than 100). It is definitely a problem to build a model with too few

observations, but it is not clear that combining data from several strata can solve the

problem and produce better estimates. Lanjouw also warns that the estimates from these

strata should be treated with caution.

Besides these arguments, one of the most obvious and popular arguments in favor

of pooling is that when the number of strata is large, pooling can save a lot of time in

producing the maps. The most dramatic illustration of this is the Thai case: building one

model for all strata is clearly less time consuming than building 76 consumption models.

Pooling data or not thus remains as an unresolved issue in applying the ELL method

for poverty mapping. In this chapter, I investigate this issue. Since building a consump-

tion model is the most important step in poverty mapping, it seems that the most crucial

criterion to make pooling decision is whether the pooled model can pass some sort of a

“pooling test”. The most often used method is the Chow test proposed in Chow (1960).

It tests the equality between sets of coefficients in two linear regressions. The test is easy

to do but applying it to poverty mapping encounters many problems. The first is that

almost all the pooling decisions are rejected by the Chow test. This is very understand-

able as there are usually 20 to 30 variables in the consumption models used in poverty

mapping. The second problem is that the Chow test can only tell the equality between

the coefficients in the consumption models but cannot tell anything about the estimates

of the poverty indicators. It is well possible that two different sets of coefficients can in

the end produce similar estimates of the poverty indicators.

To overcome these two weak points of applying the Chow test to poverty mapping,

I propose three methods and use simulation to check their reliability in making pooling

decisions. In the first method, I use the survey data alone to do the poverty mapping

exercise and instead of looking at the coefficients in the consumption model I look at the

estimates of poverty indicators (henceforth abbreviated with the “survey map method”).

Like the Chow test, this method only uses the survey data to decide whether data can

be pooled or not. I find that this method also does not work very well. The reason is

probably that whether data can be pooled or not also depends on the properties of the

census data, which are not taken into account in this method.

Haslett and Jones (2005) give some hints on other ways to make pooling decisions. In

their paper, they try two ways of modeling and decide to use a single model to fit all the

data. Their estimates from these two ways of modeling are indeed very similar (Haslett

and Jones 2005, Table 5.1). Therefore, in the second method I use both the survey and

the census data to do the poverty mapping exercise. I then compare the estimates of the

poverty indicators from the pooled data to that of the non-pooled data (henceforth ab-

breviated with the “compare values method”). This method has its advantages: it looks
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at the estimates of the poverty indicators instead of the coefficients in the consumption

model, and it takes the census into consideration since the estimates of the poverty indi-

cators are estimated using the census data.

However, this method does not explicitly consider the trade-off between unbiasedness

and efficiency when data are pooled. Therefore, I study a variation of the second method,

which takes the variances of the estimates into consideration (henceforth abbreviated with

the “compare MSE method”). I find that this method outperforms the other ones in mak-

ing correct pooling decisions.

This chapter is organized as follows. In Section 5.2, I provide a brief description of the

ELL method. In Section 5.3, a simple model is studied to provide theoretical foundations

of the possible gains and losses from pooling. In Section 5.4, the data used in this chapter

are discussed. In Section 5.5, I discuss pooling based on the actual data and evaluate

the reliability of a few methods in making pooling decisions. Section 5.6 concludes the

chapter.

5.2 Summary of the ELL Methodology

The idea of the ELL method3 is to first estimate the joint distribution of yh, a variable on

which the indicators of poverty are based, and a vector of variables xh using a smaller and

richer sample (e.g. data from a survey). By restricting xh to be the variables on which a

larger sample (e.g. data from a census) also provides information, the distribution of yh for

any sub-sample of the large sample can be generated by using the estimated distribution

(which is conditional on xh) and the observed xh in the larger sample. This generated

distribution of yh can then be used to generate the poverty indicators. The following is a

brief summary of the method.

5.2.1 Consumption model

Consumption per capita is often used to measure poverty. An estimated joint distribution

of consumption per capita yh is obtained using the ELL method by developing a linear

model of yh on a vector of observed variables xh:

ln ych = x
′

chβ + uch, (5.1)

where ych is the household consumption per capita for household h in location c, xch is

the vector of explanatory variables, and uch is an error term. It should be noted that this

model is only used for predicting ych but not to measure the direct effect of xch on ych,

3This paragraph draws on Elbers, Lanjouw, and Lanjouw (2003).
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so the endogeneity of the explanatory variables is not of concern here. As the results of

this model are going to be used to predict ych in the census, it is preferred that the model

fits most closely to the observations that represent a large part of the census population.

Therefore population expansion factors are used as weights in this regression.

The residual term uch is defined as:

uch = µc + εch, (5.2)

where µc is a location component, and εch is a household component of the residual.

The location component µc is used to capture the part of the error term which is due to

the location characteristics common to all households in that location. The household

component of the residual εch reflects unobserved household characteristics which are not

correlated with the location effect.

The variances of these two components of the error term reflect how much the house-

hold’s predicted consumption deviates from its actual consumption. This deviation is

one of the sources of the prediction error of the poverty indicators. The variance of the

idiosyncratic component εch falls approximately proportionately with sample size (Elbers

et al. 2002), so for a large enough sample the idiosyncratic component of the error term

does not cause serious problems to the precision of the estimates of poverty indicators.

The variance of the location component µc only falls with the number of cluster, so it is

important to capture as much of the location effect in the consumption model as possible.

One way to do this is to calculate the means of the observed variables (e.g. average level

of education) at certain location level (e.g. enumeration area (EA)) using the census data,

insert these variables into the survey data and use them as regressors in the consumption

model. These variables of census means can often do a good job in capturing the location

effect.

This consumption model is estimated using Generalized Least Squares (GLS). An Or-

dinary Least Squares (OLS) estimation is first performed to obtain the variance-covariance

matrix of the error term. The residuals ûch from the OLS estimation can be decomposed

into two parts:

ûch = ûc. + (ûch − ûc.) = µ̂c + ech (5.3)

where a subscript “.” indicates an average over that index.

The variance of the location component σ̂2
µ can be estimated non-parametrically using

µ̂c. The component ech can be used to estimate the variances of εch. A logistic form is

used in this estimation:

ln

(
e2ch

A− e2ch

)
= z

′

chα̂+ rch, (5.4)
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where zch are the variables which best explain variation in e2ch. In this way the prediction

is bounded between zero and a maximum A. If A is set equal to 1.05 × maxe2ch and

B = exp(z
′

chα̂), using the delta method the variance of εch is estimated as:

σ̂2
ch =

(
AB

A+B

)
+

1

2
ˆVar(r)

(
AB(1 −B)

(1 +B)3

)
. (5.5)

Once the two variances of µc and εch are calculated, they can be filled in the variance-

covariance matrix of the error term and the model can be estimated by GLS.

5.2.2 Poverty indicators

The second set of tasks in the ELL method is to apply the estimates from the regression

of the consumption model to the census data, predict the consumption for the census data

and calculate the poverty indicators.

This task is done by simulation. For each simulation a vector of the parameters

β̃ is drawn from the multivariate normal distribution described by the GLS estimates

of the consumption model and the associated variance-covariance matrix. The location

component of the error term µ̃c is drawn randomly with replacement from the set of

µ̂c. To draw the household component ε̃ch, ε̃
∗
ch is first drawn for each household with

replacement from the set of all standardized residuals4, or from the standard residuals

that correspond to the cluster from which the household’s location effect is derived. The

household component is then set to ε̃∗ch × σ̂ch. For each simulation, with the drawn values

of β̃, µ̃, and ε̃, the value of per capita consumption ŷch is estimated as:

ŷch = exp(x
′

chβ̃ + µ̃c + ε̃ch). (5.6)

Finally, the full set of simulated consumption per capita ŷch is used to calculate the

mean and standard deviation of each poverty indicator.

5.3 The effects of pooling on the estimates of poverty

indicators: Illustrations based on a simple model

5.3.1 A simple model

In this section, I study the effects of pooling on the estimates of poverty indicators using

a simple model. By doing this, I illustrate the possible gains and losses from pooling.

4Standardized residuals are calculated using the formula: e∗ = ech

σ̂ch
−
(

1
H

∑
ch

ech

σ̂ch

)
.
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Assumptions and estimates

Assume that the data from two strata are generated according to the following model.

y1 = x1β1 + ε1, (5.7)

y2 = x2β2 + ε2, (5.8)

where ε1 ∼ N(0, σ2
1) and ε2 ∼ N(0, σ2

2). The error terms ε1 and ε2 are independent and

E(x1ε1) = 0, E(x2ε2) = 0. y1, x1 and ε1 are N1 × 1 matrices, y2, x2 and ε2 are N2 × 1

matrices. y1 and y2 are the log of consumption.

If I pool the data from the two strata, the model becomes

(
y1

y2

)
=

(
x1

x2

)
βp + εp, (5.9)

where εp ∼ N(0, σ2
p). For the estimate of βp I get:

β̂p =

∑N1

i=1 x1iy1i +
∑N2

j=1 x2jy2j∑N1
i=1 x

2
1i +

∑N2
j=1 x

2
2j

=

∑N1
i=1 x1i(x1iβ1 + ε1i) +

∑N2
j=1 x2j(x2jβ2 + ε2j)∑N1

i=1 x
2
1i +

∑N2
j=1 x

2
2j

=

∑N1
i=1 x

2
1i∑N1

i=1 x
2
1i +

∑N2
j=1 x

2
2j

β1 +

∑N2
j=1 x

2
2j∑N1

i=1 x
2
1i +

∑N2
j=1 x

2
2j

β2

+

∑N1
i=1 x1iε1i +

∑N2
j=1 x2jε2j∑N1

i=1 x
2
1i +

∑N2
j=1 x

2
2j

(5.10)

It follows that

E(β̂p) =

∑N1
i x2

1i∑N1
i x2

1i +
∑N2

j x2
2j

β1 +

∑N2
j x2

2j∑N1
i x2

1i +
∑N2

j x2
2j

β2, (5.11)

V ar(β̂p) =

∑N1
i x2

1i

(
∑N1

i x2
1i +

∑N2
j x2

2j)
2
σ2

1 +

∑N2
i x2

2j

(
∑N1

i x2
1i +

∑N2
j x2

2j)
2
σ2

2. (5.12)
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The expectation

Looking at the expectation of the estimate, I have

|E(β̂p) − β1| =

∑N2
j=1 x

2
2j∑N1

i=1 x
2
1i +

∑N2
j=1 x

2
2j

|β1 − β2| (5.13)

|E(β̂p) − β2| =

∑N1
i=1 x

2
1i∑N1

i=1 x
2
1i +

∑N2
j=1 x

2
2j

|β1 − β2| (5.14)

Thus β̂p is a biased estimate of both β1 and β2 if β1 6= β2. The bias is determined by the

difference between β1 and β2 scaled by
∑N2

j=1 x2
2j∑N1

i=1 x2
1i+

∑N2
j=1 x2

2j

or
∑N1

i=1 x2
1i∑N1

i=1 x2
1i+

∑N2
j=1 x2

2j

.

To get a sense of the effects of the properties of x1 and x2 on the bias, I use the

approximation
N∑

t

x2
t ≈ N ∗ (E(x))2 +N ∗ Var(x).

Then it follows from equation (5.13) that

|E(β̂p) − β1| =
1

1 +
∑N1

i=1 x2
1i∑N2

j=1 x2
2j

|β1 − β2|,

=
1

1 + N1(E(x1))2+N1Var(x1)
N2(E(x2))2+N2Var(x2)

|β1 − β2|,

=
1

1 + N1

N2

(E(x1))2+Var(x1)
(E(x2))2+Var(x2)

|β1 − β2|. (5.15)

Similarly

|E(β̂p) − β2| =
1

1 + N2

N1

(E(x2))2+Var(x2)
(E(x1))2+Var(x1)

|β1 − β2|. (5.16)

If weighting is used in the regressions and the weights are the same for observations in

the same stratum (Nc1 and Nc2 are the number of observations in the census in stratum

1 and 2 respectively), then,

|E(β̂p) − β1| =
1

1 + W1N1

W2N2

(E(x1))2+Var(x1)
(E(x2))2+Var(x2)

|β1 − β2|,

=
1

1 + Nc1

Nc2

(E(x1))2+Var(x1)
(E(x2))2+Var(x2)

|β1 − β2|. (5.17)
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Similarly,

|E(β̂p) − β2| =
1

1 + Nc2

Nc1

(E(x2))2+Var(x2)
(E(x1))2+Var(x1)

|β1 − β2|. (5.18)

The bias is bigger for the stratum with fewer observations. The number of observa-

tions can be an criterion to decide whether to pool the data or not.

The variance

Looking at the variance, I have

V ar(β̂p) =

∑N1
i x2

1i

(
∑N1

i x2
1i +

∑N2
j x2

2j)
2
σ2

1 +

∑N2
i x2

2j

(
∑N1

i x2
1i +

∑N2
j x2

2j)
2
σ2

2.

If σ1 = σ2 = σ,

V ar(β̂p) =
σ2

∑N1
i x2

1i +
∑N2

j x2
2j

.

If I do not pool the data,

V ar(β̂1) =
σ2

∑N1
i x2

1i

,

V ar(β̂2) =
σ2

∑N2
j x2

2j

.

I have V ar(β̂p) ≤ V ar(β̂1) and V ar(β̂p) ≤ V ar(β̂2). Thus if σ1 = σ2 = σ and β1 = β2,

pooling can produce unbiased and more efficient estimates. However, if σ1 6= σ2, the

situation is different. In terms of efficiency, I can look at the ratio of V ar(β̂p) over

V ar(β̂1) and the ratio of V ar(β̂p) over V ar(β̂2):

V ar(β̂p)

V ar(β̂1)
=

( ∑N1
i x2

1iσ
2
1

(
∑N1

i x2
1i +

∑N2
j x2

2j)
2

+

∑N2
i x2

2jσ
2
2

(
∑N1

i x2
1i +

∑N2
j x2

2j)
2

)∑N1
i x2

1i

σ2
1

,

(5.19)

V ar(β̂p)

V ar(β̂2)
=

( ∑N1
i x2

1iσ
2
1

(
∑N1

i x2
1i +

∑N2
j x2

2j)
2

+

∑N2
i x2

2jσ
2
2

(
∑N1

i x2
1i +

∑N2
j x2

2j)
2

)∑N2
j x2

2j

σ2
2

.

(5.20)

It can be seen from these two equations that Var(β̂p)

Var(β̂1)
is increasing in

σ2
2

σ2
1

and Var(β̂p)

Var(β̂2)
is

increasing in
σ2
1

σ2
2
. Thus the stratum with smaller σ is more likely to lose its efficiency when
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data are pooled. It can be derived that if

σ2
2

σ2
1

> 2 +

∑N2
j x2

2j∑N1
i x2

1i

, (5.21)

then Var(β̂p) > Var(β̂1), which means that stratum 1 loses its efficiency from pooling.

If
σ2

2

σ2
1

<

∑N2
i x2

2j

2
∑N2

j x2
2j +

∑N1
i x2

1i

, (5.22)

then Var(β̂p) > Var(β̂2), which means that stratum 2 loses its efficiency from pooling.

5.3.2 Illustrations based on the simple model

From the analysis above, several parameters, which may determine if pooling should be

preferred, are detected: |β1 − β2|, Nc1

Nc2
and

σ2
1

σ2
2
. To illustrate how pooling works under

different sets of parameters, simulations are used to draw the density functions of the

estimates of the headcount indicator. The steps of the data generation and simulation

can be found in Appendix A.

In the first setting, all the parameters used in the simulation are equal in the two

strata. This simulation is used to illustrate the gain of efficiency from pooling. Figure

5.1 shows the density function of the estimates of the headcount of the two strata5. The

straight lines indicate the true values. It can be seen that both the estimates from the

pooled and non-pooled data are unbiased but the estimates from the pooled data are

more efficient. More important is that the estimates from the pooled data have thiner

tails which means that estimates from the pooled data have a much smaller probability

to be very far away from their true values.

In the next setting, β2 is set to be different from β1 and the rest of the parameters are

unchanged. Figure 5.2 shows the density functions in this setting. This figure shows the

trade-off between unbiasedness and efficiency when pooled data are used. As in Figure

5.1, the variances of the estimates are smaller using the pooled data than that of using

the non-pooled data. However, the estimates from the pooled data are biased. The true

value of the headcount lies in between of the estimate of headcount of the first stratum

and that of the second stratum, as predicted by equation (5.11).

In the third setting, σ2 is set to be different from σ1 and the rest of the parameters

are the same as in Figure 5.1. Figure 5.3 shows the density functions in this setting.

5The poverty line is chosen to make the headcount rate to be around 0.5. I did this simulation for
different values of the poverty line. The graph remains similar.
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Figure 5.1: All the parameters are the same in the two strata, E(x1) = E(x2) = 9.1,
Var(x1) = Var(x2) = 0.22, β1 = β2 = 1.24, σ1 = σ2 = 0.5, poverty line= 80000, N1 =
N2 = 100 and Nc1 = Nc2 = 10000

It can be seen from this figure that the estimates from the pooled data are biased, and

for the stratum with smaller σ the estimate loses its efficiency compared to that from

the non-pooled data. This confirms what equations (5.19) and (5.20) show: the pooling

estimates of the stratum with a smaller variance are more likely to lose its advantage of

efficiency.

In the last setting, I look at the effects of Nc1

Nc2
. If all the other parameters are the

same for the two strata, making Nc2 different from Nc1 will not generate a different figure

other than Figure 5.1. Thus in this setting I make Nc1 different from Nc2 and β1 different

from β2. Figure 5.4 shows the density function in this setting. As it was concluded from

equations (5.17) and (5.18), the estimates from the pooled data are much more biased for

the stratum with fewer observations in the census.

From this simple model, it can already be seen that to enjoy the advantage of pooling,

it is better to pool the strata with similar β, σ and Nc. In reality, β and σ are not known

and models are much more complicated than the one discussed in this section. Section

5.5 discusses pooling in the context of actual data.
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Figure 5.2: E(x1) = E(x2) = 9.1, Var(x1) = Var(x2) = 0.22, β1 = 1.24, β2 = 1.249,
σ1 = σ2 = 0.5, poverty line= 80000, N1 = N2 = 100 and Nc1 = Nc2 = 10000
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Figure 5.3: E(x1) = E(x2) = 9.1, Var(x1) = Var(x2) = 0.22, β1 = β2 = 1.24, σ1 = 0.5,
σ2 = 0.15, poverty line= 80000, N1 = N2 = 100 and Nc1 = Nc2 = 10000
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Figure 5.4: E(x1) = E(x2) = 9.1, Var(x1) = Var(x2) = 0.22, β1 = 1.24, β2 = 1.249,
σ1 = σ2 = 0.5, poverty line= 80000, N1 = 100, N2 = 500, Nc1 = 10000 and Nc2 = 50000
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5.4 The data

5.4.1 Census data: Yemen

The General Population, Housing, and Establishment Census was conducted by the Cen-

tral Statistical Organization, Ministry of Planning & International Cooperation, Republic

of Yemen in December 2004. The total number of households covered in the census is

2,831,929. For urban households, the administration contains six levels: governorate, dis-

trict, sub-district, city, zone and neighborhood. The administration for rural households

contains five levels: governorate, district, sub-district, village and sub-village. All the

administrative areas are then divided into 21,582 EAs.

Two kind of questionnaires are used in the census: the short questionnaire and the long

questionnaire. The short questionnaire has seven components: housing unit properties,

transport vehicles and durable goods, general & social data, data of disabled household

members, married status and educational data. The long questionnaire is used for 10%

of the households and it contains all the sections in the short one plus three sections:

economic data, fertility data and mortality data. The long questionnaire provides richer

information, but since it is only used by 10% of the households using the household level

data from the long questionnaire often increases the standard errors of the estimates of

the poverty indicators. In the case of Yemen the three extra sections covered in the long

questionnaire provide little common information compared to the survey data. Therefore

they are not used in generating variables at the household level. However, the economic

data provided by the long questionnaire can be useful in predicting consumption and they

can be used in generating variables of census means about average economic status at a

certain location.

5.4.2 Survey data: Yemen

The Household Budget Survey (HBS) 2005-06 was also conducted by the Central Sta-

tistical Organization of Yemen. The sample frame for the HBS was the 2004 General

Population, Housing, and Establishment Census. Yemen consists of 21 governorates. The

study population was sorted into 38 strata. 17 out of the 21 governorates were repre-

sented by two strata (urban and rural), whereas Sana’a City and Aden are only urban

and Remah and Sana’a Region are only rural. This resulted in 19 urban strata and 19

rural strata6.

Within each stratum, the survey was selected in two stages. In the first stage, 1200

Census EAs were selected with probability proportional to size (using as a measure of

6The description of the design of the HBS is drawn from Godoy and Muñoz (2006).
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size the number of households according to the pre-census estimates available in January

2005). In the second stage, 12 households were picked from each EA by systematic equal

probability sampling.

In order to produce estimates of consumption in all governorates of both rural and

urban populations, the 1,200 EAs was distributed across strata by a combination of allo-

cation proportional to size and equal allocation. The final sample allocation is as shown

in Table 5.1.

The HBS data contain information on household roster, activities, dwelling conditions,

health, education, anthropometrics, income, durable goods and consumption. Among

these, information on household roster, dwelling conditions, education and durable goods

is also available in the census.

Table 5.1: Number of households in the census data and HBS final sample allocation
No. of households (census) No. of clusters (survey) No. of households (survey)

Governorate Urban Rural Total Urban Rural Total Urban Rural Total
1 Ibb 54,126 259,492 313,618 43 41 84 516 492 1,008
2 Abyan 15,524 43,446 58,970 30 18 48 360 216 576
3 Sana’a City 260,825 4,971 265,796 156 0 156 1,872 0 1,872
4 Al-Baida 14,023 55,774 69,797 29 19 48 348 228 576
5 Taiz 88,474 304,262 392,736 56 40 96 672 480 1152
6 Al-Jawf 7,236 49,230 56,466 22 14 36 264 168 432
7 Hajja 17,275 169,586 186,861 30 30 60 360 360 720
8 Al-Hodeida 120,603 246,919 367,522 75 33 108 900 396 1,296
9 Hadramout 66,375 75,605 141,980 41 19 60 492 228 720
10 Dhamar 25,879 173,069 198,948 31 29 60 372 348 720
11 Shabwah 9,637 43,412 53,049 21 15 36 252 180 432
12 Sa’adah 12,924 68,529 81,453 28 20 48 336 240 576
13 Sana’a Region 3,653 112,119 115,772 0 24 24 0 288 288
14 Aden 97,289 0 97,289 72 0 72 864 0 864
15 Laheg 9,720 104,882 114,602 25 23 48 300 276 576
16 Mareb 3,962 24,029 27,991 22 14 36 264 168 432
17 Al-Mahweet 4,674 60,849 65,523 27 21 48 324 252 576
18 Al-Maharh 5,220 7,636 12,856 12 12 24 144 144 288
19 Amran 18,728 80,408 99,136 27 21 48 324 252 576
20 Al-Dhale 8,445 52,640 61,085 22 14 36 264 168 432
21 Remah 617 49,862 50,479 0 24 24 0 288 288
Total 845,209 1,986,720 2,831,929 769 431 1,200 9,228 5,172 14,400

Source.—No. of households in the census from author’s calculation; HBS final sample allocation from
Figure 3 in Godoy and Muñoz (2006).

5.5 Pooling in the context of actual data

Section 5.3 shows that whether data from different strata should be pooled depends on

various properties of the data even in a very simple model. The situation can only be
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more complicated in the context of actual data. In this section, I propose three methods

which can be conducted to make pooling decisions while producing poverty maps. I will

first describe the methods in Section 5.5.1 and in Section 5.5.2 I will design a simulation

procedure to test how reliable the methods are. Section 5.5.3 shows the results of the

simulation.

5.5.1 Methods to make pooling decisions

What I have when producing poverty maps is first the survey data which include consump-

tion data. With the consumption data, I can build the consumption models discussed in

Section 5.2.1 and I can also calculate the headcount of the survey data Hs
7. Second, I

also have the census data which do not contain consumption data, so the headcount of

the census data (denoted as Hc) is not known.

Consider how one would make pooling decisions if there were consumption data in the

census. In this context, the aim of the ELL method is to estimate Hc. A good estimator

should be consistent and efficient. An obvious method to decide whether to pool the

data or not is to estimate Hc using first a pooled consumption model then a non-pooled

consumption model built using the survey data. To take both unbiasedness and efficiency

into account, MSE’s of the two estimates of Hc are calculated and compared. The deci-

sion should be based on whether using the pooled data or the non-pooled data minimizes

the MSE. The details of this method can be found in Table 5.2 under the method name

“Minimize MSE”.

In reality Hc is not known, so the method “Minimize MSE” cannot be conducted. I

therefore propose three methods using the available information (survey data with con-

sumption data and census data without consumption data) to decide whether to pool the

data or not. The details of the three methods can be found in Table 5.2. In the first

method (“Survey Map”), the pooled and the non-pooled consumption models built using

the survey data are applied to the observations in the survey. In this way I can get the

estimates of headcount of the survey Hs from both the pooled data and the non-pooled

data. I then compare the MSE’s of these two estimates to make pooling decisions. This

method only uses the survey data to make pooling decisions but it does look at the es-

timates of the headcount instead of only looking at the coefficients in the consumption

model.

In the second method (“Compare Value”), I apply the pooled and the non-pooled

consumption models built using the survey data to the observations in the census. If the

two estimates of Hc are similar, the data are pooled; otherwise, the data are not pooled.

7I use in this section only the headcount indicator to measure poverty but all the methods discussed
in this section can be applied to other poverty indicators as well.
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Table 5.2: Description of the Methods

Minimize MSE (benchmark) Survey Map (method 1)

Input
survey with y (Hs known) survey with y (Hs known)
census with y (Hc known)

Model
pooled (built using survey) pooled (built using survey)
non-pooled (built using survey) non-pooled (built using survey)

Output
Ĥp

c and var(Ĥp
c ) Ĥp

s and var(Ĥp
s )

Ĥnp
c and var(Ĥnp

c ) Ĥnp
s and var(Ĥnp

s )

Judgment
compare MSEp

c = (Ĥp
c − Hc)

2 + var(Ĥp
c ) compare MSEp

s = (Ĥp
s − Hs)

2 + var(Ĥp
s )

and MSEnp
c = (Ĥnp

c − Hc)
2 + var(Ĥnp

c ) and MSEnp
s = (Ĥnp

s − Hs)
2 + var(Ĥnp

s )

Compare Value (method 2) Compare MSE (method 3)

Input
survey with y (Hs known) survey with y (Hs known)
census without y (Hc unknown) census without y (Hc unknown)

Model
pooled (built using survey) pooled (built using survey)
non-pooled (built using survey) non-pooled (built using survey)

Output
Ĥp

c and var(Ĥp
c ) Ĥp

c and var(Ĥp
c )

Ĥnp
c and var(Ĥnp

c ) Ĥnp
c and var(Ĥnp

c )

Judgment
compare Ĥp

c compare MSEp
c = (Ĥp

c − Hs)
2 + var(Ĥp

c )

and Ĥnp
c and MSEnp

c = (Ĥnp
c − Hs)

2 + var(Ĥnp
c )

Note.—In this table H means headcount, y means consumption, var means variance, MSE means mean
square error, x̂ means the estimate of x, p and np in the superscript means pooled and non-pooled
respectively, and c and s in the subscript means census and survey respectively.

This method looks at the same estimates of the headcount as the “survey map method”

but it uses both survey data and census data to make pooling decisions8.

The third method (“compare MSE”) is similar to the second one. The only difference

is that instead of comparing the estimates themselves it tries to calculate the MSE’s of

the estimates. Since the true value of Hc is not known, the MSE’s are calculated using

Hs. In this way, the trade-off between biasedness and efficiency of the estimate is taken

into account.

5.5.2 Simulation design

To test the reliability of the three methods proposed in Section 5.5.1, I design a simulation

set-up. As explained in Section 5.2, the idea of the ELL method is to use the survey, which

is a representative sample of the census, to predict the consumption per capita and poverty

indicators in the census. In this simulation set-up I draw different representative samples

from the census data. These samples can then be used to build consumption models and

to predict poverty indicators using the census data.

Since consumption per capita is usually not available in the census, a consumption

8The consumption models are built using the survey data and the models are applied to the census
data to estimate the headcount Hc.
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model is first built based on the survey data. Consumption per capita in the census is

calculated based on the estimates of the coefficients and the variances of the error terms

in the consumption models, which are built stratum by stratum. Then samples can be

drawn from the census with constructed consumption data.

The constructed consumption of the census can be used later to obtain the “true”

decision of pooling. The “true decision” can then be compared to the decisions made

by using the three methods discussed in Section 5.5.1 to check if the three methods are

reliable.

I apply the simulation procedure to two strata from the Yemen data (rural Abyan

and rural Shabwah). Geographically, Abyan shares a border with Shabwah. This makes

it not unreasonable that data from the two strata can be pooled. The survey covers a

relatively small number of households in these strata (rural Abyan 216 and rural Shabwah

180). This makes it favorable to pool the data with the purpose to save time in producing

poverty maps and the hope that pooling will generate more efficient estimates of poverty

indicators.

The steps of the simulation are:

1. Generate consumption per capita for the census data

• Take data from two strata from the census and the survey.

• Use the survey data to estimate the coefficients in the consumption model and

the variances of the error terms. The consumption models are built stratum

by stratum. Consumption per capita data for the census data are generated

based on the estimates from the two stratum by stratum models and include

simulated error terms.

2. Generate sample data

• Sample N1 observations from the census stratum 1 to be sample stratum 1.

This is done in two stages. First a certain number of EA’s are sampled with

probabilities based on the size of the EA. In the second stage 12 households9 are

sampled from each EA. These households are sampled with equal probability.

• Sample N2 observations from the census stratum 2 to be sample stratum 2 in

the same way as sampling sample stratum 1.

3. Choose the sample10

9In the HBS data from Yemen, 12 households were sampled in each EA.
10The reason I use this step to choose 20 samples from the 100 samples is that step 4 is very time

consuming. It is not possible to repeat them on 100 samples. Therefore, I use this step to choose 20
samples with the mean of the headcount indicator close to its true value and the variance close to that
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• Repeat step 2 100 times to get 100 samples for both stratum 1 and stratum 2.

• Calculate the headcount indicators for the 100 samples generated.

• Calculate the means and the variances of the headcount indicators for each

stratum.

• Group the samples into 5 groups for each stratum and calculate the means and

the variances of the headcount indicators for each group.

• Choose one group for each stratum with the mean of the headcount indicators

close to its true value and the variance of the headcount indicators close to its

value calculated using the 100 samples.

• Use the 20 samples for each stratum to do the later analysis.

4. Estimate consumption models using the samples

• Non-pooled: Estimate coefficients in the consumption model and variance of

the error terms using one sample of stratum 1 chosen in step 311.

• Non-pooled: Estimate coefficients in the consumption model and variance of

the error terms using one sample of stratum 2 chosen in step 3.

• Pooled12: Estimate coefficients in the consumption model and variance of the

error terms based on both one sample of stratum 1 and one sample of stratum

2.

5. Repeat step 4 for all 20 sample pairs.

5.5.3 Simulation results

Using the 20 samples I draw, I first conduct the method “Minimize MSE” to obtain

the “true” decisions. The results are shown in Table 5.3 and Table 5.4 with the mean,

standard error and MSE of the estimates of the headcount for both pooled data and

calculated using the 100 samples. The means and the variances of the headcount indicators of every 20
samples are reported in Table 5.B1. The samples chosen are samples 1-20 for stratum 1 and samples
61-80 for stratum 2.

11The estimation is done in the PovMap program. The explanatory variables are selected using stepwise
regression by the program.

12Pooled model means that observations from the two strata are used and stratum dummies are included
in the candidates of the variables in the consumption model. This is an extreme definition of pooled model
as data can be “partially” pooled by including interactions of variables and stratum dummies in the model.
There is no reason to believe whether “completely” pooled or “partially” pooled model is better. I choose
to use the “completely” pooled model in this chapter only for the convenience of illustration.
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non-pooled data for rural Abyan and rural Shabwah respectively13. After comparing the

MSE of the pooled data to that of the non-pooled data, I can know the decisions whether

to pool the data or not to achieve minimum MSE14. The decisions are listed in the last

column. These decisions will be used later as a benchmark to check if the other methods

can be used to make correct decisions.

I then conduct the three methods proposed in Section 5.5.1. The results of the “survey

map method” are reported in Table 5.5 and Table 5.6 and the results of the “compare

MSE method” are reported in Table 5.7 and Table 5.8. The decisions from these two

methods are listed in the last column of each table. The decisions from the “compare

value method” can be obtained from Table 5.7 and Table 5.8 as well by comparing the

column “Non-pooled-Ĥp
c ” and column “Pooled-Ĥnp

c ”.

Table 5.9 and Table 5.10 summarize the results. The samples are ordered by the differ-

ence between Hc and Hs. Thus from index 1 to index 20 the value of the poverty indicator

of the sample Hs goes farther and farther away from its true value Hc and the sample is

less and less representative. The decisions obtained from the “survey map method” are

reported in column “Survey Map Method”. In general, this method does not work very

well especially not for rural Shabwah. The successful rate is 50% compared to column

“Minimize MSE”. This method does not seem to work better for the more representative

samples.

The decisions obtained from the “compare value method” are reported in column

“Compare Value Method”. If the difference between the pooled estimate and the non-

pooled estimate in Table 5.7 and Table 5.8 is smaller than 3%15, I consider that the

estimates are similar. Comparing these decisions to the decisions which minimize the

MSE’s, I find that the successful rate of this method is not very high (50%-70%). Table

5.9 and Table 5.10 also show that this method does not work better for the 10 samples

which are more representative.

The decisions obtained using the “compare MSE method” are shown in column “com-

pare MSE Method” in Table 5.9 and Table 5.10. As the decision which minimizes MSE

13The results shown are at the stratum level and I choose to compare the pooled and non-pooled
estimates at the stratum level as well. Although the purpose of poverty mapping is to produce estimates
of the poverty indicators at a disaggregated level, one essential criterion a good poverty map needs to
satisfy is that the estimates are good at aggregated stratum level.

14We can see from Table 5.3 and Table 5.4 that the variances of the estimates from the pooled model
are not always smaller than those from the non-pooled model. This is not surprising. The general belief
that the variance of the pooled model is smaller than that of the non-pooled model only holds in some
special cases (for the univariate models see the discussion in Section 5.3) even when the same model is
used in both the pooled and non-pooled cases. To produce the results in Table 5.3 and Table 5.4 the
explanatory variables are selected using stepwise regression by the PovMap program, so the pooled model
and the non-pooled model can be very different.

15There is no particular reason to choose 3%. As the estimates are in the range from 40% to 60%, a
difference of 3% makes them look similar.
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is based on the MSE calculated using the true value of the headcount indicator Hc, the

closer the value of the survey Hs to the true value Hc the better this method works. This

is proved by the results from Table 5.9 and Table 5.10. If 20 samples are considered,

the method gives the right decisions for 85% and 65% of the samples of rural Abyan and

rural Shabwah respectively. If only the first 10 samples are considered, the method gives

the right decisions for 90% and 80% of the samples of rural Abyan and rural Shabwah

respectively. This method works better than the other methods and it works especially

well when the samples are representative16.

5.6 Conclusion

Whether to pool data from different strata or not is an unresolved issue in poverty map-

ping. This chapter starts with a very simple model to show that the general belief that

pooling produces more efficient but more biased estimates is only true in some special

cases. Whether pooling is beneficial depends on many properties of the data even in the

simple model.

The question I study in this chapter is not whether pooling is good. It certainly de-

pends on the data and the model. What I focus on is when pooling is better and how to

detect it. Many factors may determine whether data from different strata can be pooled.

For example, the coefficients and the variances of the error terms in the consumption

model, the properties of the survey data and the properties of the census data. An ef-

fective method to be employed to make pooling decisions needs to take these factors into

consideration. I use simulation studies to check the reliability of three methods to make

pooling decisions. I find that one method in general works better than the other ones.

This method can be conducted by researchers producing poverty maps to make pooling

decisions.

16One does not know whether a sample is representative in practice, so how well this method works
depends on the quality of the survey data.



C
H

A
P

T
E

R
5:

P
O

O
L
IN

G
D

A
T
A

IN
P

O
V

E
R
T

Y
M

A
P

P
IN

G
113

Table 5.3: Results of the Minimize MSE Method: Rural Abyan

True Value Survey Value Non-Pooled Pooled Minimize MSE

Hc Hs Ĥnp
c

√
var(Ĥnp

c )
√
MSEnp

c Ĥp
c

√
var(Ĥp

c )
√
MSEp

c

Sample 1 0.500 0.522 0.532 0.015 0.035 0.508 0.032 0.033 pool
Sample 2 0.500 0.531 0.508 0.015 0.016 0.492 0.021 0.022 do not pool
Sample 3 0.500 0.472 0.492 0.027 0.028 0.500 0.014 0.014 pool
Sample 4 0.500 0.534 0.519 0.022 0.028 0.474 0.051 0.057 do not pool
Sample 5 0.500 0.481 0.468 0.029 0.043 0.539 0.023 0.045 do not pool
Sample 6 0.500 0.446 0.434 0.033 0.073 0.427 0.011 0.074 do not pool
Sample 7 0.500 0.524 0.522 0.033 0.040 0.557 0.053 0.078 do not pool
Sample 8 0.500 0.444 0.407 0.050 0.106 0.445 0.061 0.082 pool
Sample 9 0.500 0.355 0.419 0.093 0.123 0.393 0.046 0.116 pool
Sample 10 0.500 0.528 0.571 0.038 0.080 0.510 0.032 0.033 pool
Sample 11 0.500 0.588 0.519 0.029 0.034 0.575 0.026 0.080 do not pool
Sample 12 0.500 0.570 0.526 0.040 0.048 0.449 0.055 0.075 do not pool
Sample 13 0.500 0.569 0.516 0.030 0.034 0.546 0.065 0.079 do not pool
Sample 14 0.500 0.491 0.468 0.022 0.038 0.490 0.011 0.015 pool
Sample 15 0.500 0.488 0.497 0.071 0.071 0.539 0.070 0.080 do not pool
Sample 16 0.500 0.467 0.439 0.040 0.074 0.488 0.020 0.024 pool
Sample 17 0.500 0.432 0.494 0.031 0.031 0.457 0.021 0.048 do not pool
Sample 18 0.500 0.519 0.494 0.015 0.016 0.476 0.034 0.042 do not pool
Sample 19 0.500 0.493 0.494 0.079 0.079 0.508 0.023 0.025 pool
Sample 20 0.500 0.588 0.593 0.028 0.097 0.608 0.027 0.111 do not pool

Note.—In this table H means headcount, var means variance, MSE means mean square error, x̂ means the estimate of x, p
and np in the superscript means pooled and non-pooled respectively and c and s in the subscript means census and survey
respectively. Table 5.2 column “Minimize MSE (benchmark)” shows how the MSE’s in this table are calculated.
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Table 5.4: Results of the Minimize MSE Method: Rural Shabwah
True Value Survey Value Non-Pooled Pooled Minimize MSE

Hc Hs Ĥnp
c

√
var(Ĥnp

c )
√
MSEnp

c Ĥp
c

√
var(Ĥp

c )
√
MSEp

c

Sample 1 0.527 0.592 0.550 0.041 0.047 0.549 0.031 0.038 pool
Sample 2 0.527 0.528 0.576 0.032 0.059 0.534 0.019 0.020 pool
Sample 3 0.527 0.606 0.607 0.021 0.083 0.578 0.016 0.054 pool
Sample 4 0.527 0.453 0.438 0.051 0.102 0.466 0.032 0.069 pool
Sample 5 0.527 0.551 0.597 0.021 0.073 0.544 0.018 0.025 pool
Sample 6 0.527 0.492 0.497 0.027 0.040 0.490 0.010 0.038 pool
Sample 7 0.527 0.449 0.440 0.022 0.090 0.491 0.027 0.045 pool
Sample 8 0.527 0.366 0.371 0.051 0.164 0.426 0.065 0.120 pool
Sample 9 0.527 0.462 0.511 0.035 0.038 0.512 0.028 0.031 pool
Sample 10 0.527 0.459 0.390 0.053 0.147 0.408 0.028 0.122 pool
Sample 11 0.527 0.681 0.652 0.023 0.127 0.593 0.027 0.071 pool
Sample 12 0.527 0.463 0.473 0.019 0.057 0.436 0.051 0.104 do not pool
Sample 13 0.527 0.564 0.553 0.034 0.043 0.444 0.037 0.091 do not pool
Sample 14 0.527 0.577 0.523 0.016 0.016 0.507 0.011 0.022 do not pool
Sample 15 0.527 0.512 0.532 0.013 0.014 0.491 0.040 0.054 do not pool
Sample 16 0.527 0.514 0.524 0.010 0.011 0.525 0.018 0.018 do not pool
Sample 17 0.527 0.463 0.471 0.028 0.062 0.459 0.019 0.070 do not pool
Sample 18 0.527 0.607 0.570 0.024 0.049 0.552 0.024 0.035 pool
Sample 19 0.527 0.574 0.537 0.036 0.037 0.599 0.018 0.074 do not pool
Sample 20 0.527 0.640 0.600 0.048 0.088 0.611 0.020 0.087 pool

Note.—In this table H means headcount, var means variance, MSE means mean square error, x̂ means the estimate of x, p
and np in the superscript means pooled and non-pooled respectively and c and s in the subscript means census and survey
respectively. Table 5.2 column “Minimize MSE (benchmark)” shows how the MSE’s in this table are calculated.
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Table 5.5: Results of the Survey Map Method: Rural Abyan

True Value Survey Value Non-Pooled Pooled Survey Map

Hc Hs Ĥnp
s

√
var(Ĥnp

s )
√
MSEnp

s Ĥp
s

√
var(Ĥp

s )
√
MSEp

s

Sample 1 0.500 0.522 0.521 0.042 0.042 0.523 0.057 0.057 do not pool
Sample 2 0.500 0.531 0.545 0.032 0.035 0.543 0.043 0.044 do not pool
Sample 3 0.500 0.472 0.490 0.038 0.042 0.506 0.037 0.050 do not pool
Sample 4 0.500 0.534 0.567 0.047 0.057 0.488 0.066 0.081 do not pool
Sample 5 0.500 0.481 0.472 0.059 0.060 0.523 0.044 0.061 do not pool
Sample 6 0.500 0.446 0.442 0.057 0.057 0.428 0.045 0.049 pool
Sample 7 0.500 0.524 0.483 0.048 0.063 0.506 0.074 0.076 do not pool
Sample 8 0.500 0.444 0.451 0.064 0.064 0.487 0.079 0.090 do not pool
Sample 9 0.500 0.355 0.404 0.113 0.123 0.385 0.062 0.068 pool
Sample 10 0.500 0.528 0.544 0.067 0.069 0.530 0.061 0.061 pool
Sample 11 0.500 0.588 0.532 0.043 0.071 0.607 0.048 0.051 pool
Sample 12 0.500 0.570 0.555 0.061 0.063 0.513 0.067 0.088 do not pool
Sample 13 0.500 0.569 0.525 0.058 0.073 0.516 0.080 0.096 do not pool
Sample 14 0.500 0.491 0.464 0.041 0.049 0.501 0.045 0.046 pool
Sample 15 0.500 0.488 0.487 0.090 0.090 0.537 0.098 0.109 do not pool
Sample 16 0.500 0.467 0.455 0.058 0.059 0.480 0.045 0.047 pool
Sample 17 0.500 0.432 0.432 0.048 0.048 0.404 0.048 0.056 do not pool
Sample 18 0.500 0.519 0.506 0.040 0.042 0.516 0.061 0.061 do not pool
Sample 19 0.500 0.493 0.469 0.098 0.101 0.482 0.042 0.043 pool
Sample 20 0.500 0.588 0.554 0.054 0.063 0.620 0.056 0.064 do not pool

Note.—In this table H means headcount, var means variance, MSE means mean square error, x̂ means the estimate of x, p
and np in the superscript means pooled and non-pooled respectively and c and s in the subscript means census and survey
respectively. Table 5.2 column “Survey Map (method 1)” shows how the MSE’s in this table are calculated.
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Table 5.6: Results of the Survey Map Method: Rural Shabwah

True Value Survey Value Non-Pooled Pooled Survey Map

Hc Hs Ĥnp
s

√
var(Ĥnp

s )
√
MSEnp

s Ĥp
s

√
var(Ĥp

s )
√
MSEp

s

Sample 1 0.527 0.592 0.526 0.060 0.090 0.542 0.056 0.076 pool
Sample 2 0.527 0.528 0.593 0.052 0.083 0.525 0.059 0.059 pool
Sample 3 0.527 0.606 0.537 0.049 0.084 0.601 0.045 0.045 pool
Sample 4 0.527 0.453 0.445 0.068 0.068 0.443 0.059 0.059 pool
Sample 5 0.527 0.551 0.553 0.047 0.047 0.568 0.052 0.054 do not pool
Sample 6 0.527 0.492 0.492 0.050 0.050 0.492 0.049 0.049 pool
Sample 7 0.527 0.449 0.430 0.046 0.050 0.439 0.057 0.058 do not pool
Sample 8 0.527 0.366 0.315 0.061 0.079 0.356 0.062 0.063 pool
Sample 9 0.527 0.462 0.484 0.055 0.059 0.510 0.051 0.070 do not pool
Sample 10 0.527 0.459 0.385 0.065 0.099 0.403 0.045 0.072 pool
Sample 11 0.527 0.681 0.652 0.046 0.055 0.622 0.053 0.079 do not pool
Sample 12 0.527 0.463 0.403 0.051 0.079 0.421 0.065 0.077 pool
Sample 13 0.527 0.564 0.538 0.055 0.061 0.451 0.056 0.126 do not pool
Sample 14 0.527 0.577 0.478 0.049 0.110 0.488 0.039 0.097 pool
Sample 15 0.527 0.512 0.574 0.048 0.078 0.493 0.066 0.069 pool
Sample 16 0.527 0.514 0.561 0.036 0.059 0.587 0.042 0.085 do not pool
Sample 17 0.527 0.463 0.453 0.054 0.055 0.509 0.048 0.066 do not pool
Sample 18 0.527 0.607 0.601 0.044 0.045 0.589 0.052 0.056 do not pool
Sample 19 0.527 0.574 0.571 0.058 0.058 0.594 0.044 0.049 pool
Sample 20 0.527 0.640 0.630 0.069 0.069 0.607 0.044 0.055 pool

Note.—In this table H means headcount, var means variance, MSE means mean square error, x̂ means the estimate of x, p
and np in the superscript means pooled and non-pooled respectively and c and s in the subscript means census and survey
respectively. Table 5.2 column “Survey Map (method 1)” shows how the MSE’s in this table are calculated.
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Table 5.7: Results of the compare MSE Method: Rural Abyan

True Value Survey Value Non-Pooled Pooled Compare MSE

Hc Hs Ĥnp
c

√
var(Ĥnp

c )
√
MSEnp

c Ĥp
c

√
var(Ĥp

c )
√
MSEp

c

Sample 1 0.500 0.522 0.532 0.015 0.018 0.508 0.032 0.035 do not pool
Sample 2 0.500 0.531 0.508 0.015 0.028 0.492 0.021 0.044 do not pool
Sample 3 0.500 0.472 0.492 0.027 0.033 0.500 0.014 0.031 pool
Sample 4 0.500 0.534 0.519 0.022 0.027 0.474 0.051 0.079 do not pool
Sample 5 0.500 0.481 0.468 0.029 0.032 0.539 0.023 0.062 do not pool
Sample 6 0.500 0.446 0.434 0.033 0.035 0.427 0.011 0.021 pool
Sample 7 0.500 0.524 0.522 0.033 0.033 0.557 0.053 0.063 do not pool
Sample 8 0.500 0.444 0.407 0.050 0.063 0.445 0.061 0.061 pool
Sample 9 0.500 0.355 0.419 0.093 0.113 0.393 0.046 0.060 pool
Sample 10 0.500 0.528 0.571 0.038 0.057 0.510 0.032 0.036 pool
Sample 11 0.500 0.588 0.519 0.029 0.075 0.575 0.026 0.029 pool
Sample 12 0.500 0.570 0.526 0.040 0.059 0.449 0.055 0.133 do not pool
Sample 13 0.500 0.569 0.516 0.030 0.061 0.546 0.065 0.069 do not pool
Sample 14 0.500 0.491 0.468 0.022 0.031 0.490 0.011 0.011 pool
Sample 15 0.500 0.488 0.497 0.071 0.071 0.539 0.070 0.086 do not pool
Sample 16 0.500 0.467 0.439 0.040 0.049 0.488 0.020 0.029 pool
Sample 17 0.500 0.432 0.494 0.031 0.070 0.457 0.021 0.032 pool
Sample 18 0.500 0.519 0.494 0.015 0.029 0.476 0.034 0.055 do not pool
Sample 19 0.500 0.493 0.494 0.079 0.079 0.508 0.023 0.028 pool
Sample 20 0.500 0.588 0.593 0.028 0.028 0.608 0.027 0.033 do not pool

Note.—In this table H means headcount, var means variance, MSE means mean square error, x̂ means the estimate of x, p
and np in the superscript means pooled and non-pooled respectively and c and s in the subscript means census and survey
respectively. Table 5.2 column “compare MSE (method 3)” shows how the MSE’s in this table are calculated.
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Table 5.8: Results of the compare MSE Method: Rural Shabwah

True Value Survey Value Non-Pooled Pooled Compare MSE

Hc Hs Ĥnp
c

√
var(Ĥnp

c )
√
MSEnp

c Ĥp
c

√
var(Ĥp

c )
√
MSEp

c

Sample 1 0.527 0.592 0.550 0.041 0.059 0.549 0.031 0.053 pool
Sample 2 0.527 0.528 0.576 0.032 0.058 0.534 0.019 0.020 pool
Sample 3 0.527 0.606 0.607 0.021 0.021 0.578 0.016 0.032 do not pool
Sample 4 0.527 0.453 0.438 0.051 0.053 0.466 0.032 0.035 pool
Sample 5 0.527 0.551 0.597 0.021 0.050 0.544 0.018 0.020 pool
Sample 6 0.527 0.492 0.497 0.027 0.027 0.490 0.010 0.010 pool
Sample 7 0.527 0.449 0.440 0.022 0.024 0.491 0.027 0.049 do not pool
Sample 8 0.527 0.366 0.371 0.051 0.051 0.426 0.065 0.089 do not pool
Sample 9 0.527 0.462 0.511 0.035 0.060 0.512 0.028 0.057 pool
Sample 10 0.527 0.459 0.390 0.053 0.087 0.408 0.028 0.059 pool
Sample 11 0.527 0.681 0.652 0.023 0.037 0.593 0.027 0.093 do not pool
Sample 12 0.527 0.463 0.473 0.019 0.021 0.436 0.051 0.057 do not pool
Sample 13 0.527 0.564 0.553 0.034 0.036 0.444 0.037 0.125 do not pool
Sample 14 0.527 0.577 0.523 0.016 0.057 0.507 0.011 0.071 do not pool
Sample 15 0.527 0.512 0.532 0.013 0.024 0.491 0.040 0.045 do not pool
Sample 16 0.527 0.514 0.524 0.010 0.014 0.525 0.018 0.021 do not pool
Sample 17 0.527 0.463 0.471 0.028 0.029 0.459 0.019 0.019 pool
Sample 18 0.527 0.607 0.570 0.024 0.045 0.552 0.024 0.061 do not pool
Sample 19 0.527 0.574 0.537 0.036 0.051 0.599 0.018 0.031 pool
Sample 20 0.527 0.640 0.600 0.048 0.063 0.611 0.020 0.035 pool

Note.—In this table H means headcount, var means variance, MSE means mean square error, x̂ means the estimate of x, p
and np in the superscript means pooled and non-pooled respectively and c and s in the subscript means census and survey
respectively. Table 5.2 column “compare MSE (method 3)” shows how the MSE’s in this table are calculated.
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Table 5.9: Comparison of the Methods: Rural Abyan

True Value Survey Value Minimize MSE Survey Map Compare Value Compare MSE
Hc Hs Method Method Method

1 (Sample 19) 0.500 0.493 pool pool pool pool
2 (Sample 14) 0.500 0.491 pool pool pool pool
3 (Sample 15) 0.500 0.488 do not pool do not pool do not pool do not pool
4 (Sample 5) 0.500 0.481 do not pool do not pool do not pool do not pool
5 (Sample 18) 0.500 0.519 do not pool do not pool pool do not pool
6 (Sample 1) 0.500 0.522 pool do not pool pool do not pool
7 (Sample 7) 0.500 0.524 do not pool do not pool do not pool do not pool
8 (Sample 10) 0.500 0.528 pool pool do not pool pool
9 (Sample 3) 0.500 0.472 pool do not pool pool pool
10 (Sample 2) 0.500 0.531 do not pool do not pool pool do not pool
Successful rate 80% 70% 90%
11 (Sample 16) 0.500 0.467 pool pool do not pool pool
12 (Sample 4) 0.500 0.534 do not pool do not pool do not pool do not pool
13 (Sample 6) 0.500 0.446 do not pool pool pool pool
14 (Sample 8) 0.500 0.444 pool do not pool do not pool pool
15 (Sample 17) 0.500 0.432 do not pool do not pool do not pool pool
16 (Sample 13) 0.500 0.569 do not pool do not pool pool do not pool
17 (Sample 12) 0.500 0.570 do not pool do not pool do not pool do not pool
18 (Sample 11) 0.500 0.588 do not pool pool do not pool pool
19 (Sample 20) 0.500 0.588 do not pool do not pool pool do not pool
20 (Sample 9) 0.500 0.355 pool pool pool pool
Successful rate 75% 65% 80%
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Table 5.10: Comparison of the Methods: Rural Shabwah

True Value Survey Value Minimize MSE Survey Map Compare Value Compare MSE
Hc Hs Method Method Method

1 (Sample 2) 0.527 0.528 pool pool do not pool pool
2 (Sample 16) 0.527 0.514 do not pool do not pool pool do not pool
3 (Sample 15) 0.527 0.512 do not pool pool do not pool do not pool
4 (Sample 5) 0.527 0.551 pool do not pool do not pool pool
5 (Sample 6) 0.527 0.492 pool pool pool pool
6 (Sample 13) 0.527 0.564 do not pool do not pool do not pool do not pool
7 (Sample 19) 0.527 0.574 do not pool pool do not pool pool
8 (Sample 14) 0.527 0.577 do not pool pool pool do not pool
9 (Sample 17) 0.527 0.463 do not pool do not pool pool pool
10 (Sample 12) 0.527 0.463 do not pool pool do not pool do not pool
Successful rate 50% 50% 80%
11 (Sample 9) 0.527 0.462 pool do not pool pool pool
12 (Sample 1) 0.527 0.592 pool pool pool pool
13 (Sample 10) 0.527 0.459 pool pool pool pool
14 (Sample 4) 0.527 0.453 pool pool pool pool
15 (Sample 7) 0.527 0.449 pool do not pool do not pool do not pool
16 (Sample 3) 0.527 0.606 pool pool pool do not pool
17 (Sample 18) 0.527 0.607 pool do not pool pool do not pool
18 (Sample 20) 0.527 0.640 pool pool pool pool
19 (Sample 11) 0.527 0.681 pool do not pool do not pool do not pool
20 (Sample 8) 0.527 0.366 pool pool do not pool do not pool
Successful rate 55% 60% 65%
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Appendices

Appendix A: Steps of simulations using the simple model

1. Generate Census Data

• Choose values for E(x), Var(x), σ1, σ2, β1, β2, Ns1, Ns2, Nc1 and Nc2

• Generate Nc1 samples of xc1 from a normal distribution with mean E(x) and

variance Var(x), and εc1 from a normal distribution with mean zero and vari-

ance σ2
1

• From this calculate yc1, using yc1 = β1xc1 + εc1

• Generate Nc2 samples of xc2 from a normal distribution with mean E(x) and

variance Var(x), and εc2 from a normal distribution with mean zero and vari-

ance σ2
2

• From this calculate yc2, using yc2 = βc2xc2 + εc2

2. Generate Survey Data

• Randomly draw Ns1 (yc1,xc1) pairs from the Nc1 pairs to be survey stratum 1:

(ys1,xs1)

• Randomly draw Ns2 (yc2,xc2) pairs from the Nc2 pairs to be survey stratum 2:

(ys2,xs2)

3. Estimate β’s for surveys

• Non-pooled: Estimate β1 from ys1 = β̂1xs1+εs1, estimate σ1 from
∑N1

i=1(ys1i−β̂1xs1i)
2

N1−1

and estimate the standard error of β̂1 from σ̂β̂1
= σ̂1∑Ns1

i=1 x2
s1i

• Non-pooled: Estimate β2 from ys2 = β̂2xs2+εs2, estimate σ2 from
∑N2

i=1(ys2i−β̂2xs2i)
2

N2−1

and estimate the standard error of β̂2 from σ̂β̂2
= σ̂2∑Ns2

i=1 x2
s2i

• Pooled: Estimate βp from (ys1|ys2) = β̂p(xs1|xs2) + (εs1|εs2), estimate σp from∑N1+N2
i=1 ((ys1|ys2)i−β̂p(xs1|xs2)i)

2

N1+N2−1
and estimate the standard error of β̂p from σ̂β̂p

=
σ̂p∑Ns1+Ns2

i=1 (xs1|xs2)2i

4. Calculate poverty indicators by estimating y for census

• Set the poverty line: the same number for all the households

• Non-pooled: Calculate poverty indicator PIc1 by simulating ŷc1 = β̃1xc1 + ε̃c1,

where β̃1 is 100 draws from N(β̂1, σ̂β̂1
) and ε̃c1 is 100 draws from N(0, σ̂1)
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• Non-pooled: Calculate poverty indicator PIc2 by simulating ŷc2 = β̃2xc2 + ε̃c2,

where β̃2 is 100 draws from N(β̂2, σ̂β̂2
) and ε̃c2 is 100 draws from N(0, σ̂2)

• Pooled: Calculate PIc1p by simulating ŷc1p = β̃pxc1 + ε̃c1p, where β̃p is 100

draws from N(β̂p, σ̂β̂p
) and ε̃c1p is 100 draws from N(0, σ̂p)

• Pooled: Calculate PIc2p by simulating ŷc2p = β̃pxc2 + ε̃c2p, where β̃p is 100

draws from N(β̂p, σ̂β̂p
) and ε̃c2p is 100 draws from N(0, σ̂p)

5. Repeat steps 2-4 299 times

Appendix B: Table 5.B1

Table 5.B1
Results: Choose the Samples

Rural Abyan Rural Shabwah
mean variance mean variance

Sample 1-20 0.5021 0.0033 0.5254 0.0125
Sample 21-40 0.4990 0.0020 0.5111 0.0047
Sample 41-60 0.4883 0.0036 0.5273 0.0045
Sample 61-80 0.5018 0.0048 0.5277 0.0061
Sample 81-100 0.5060 0.0029 0.5290 0.0033
Sample 1-100 0.4994 0.0032 0.5241 0.0060
True value Hc 0.5002 0.5268



Chapter 6

Summary and Conclusion

This chapter summarizes the content of the thesis. Since in Chapter 1 I have already

briefly introduced the content of each chapter and each chapter has its own introduction

and conclusion, parts of this chapter contain repeated content.

6.1 Summary and conclusion of the thesis

Two main questions are studied in this thesis. First, how big the impact of risk on growth

is. Second, whether data from different strata should be pooled when measuring poverty

at a disaggregated level using the method developed in Elbers, Lanjouw, and Lanjouw

(2002). Risk is an important issue for rural households in developing countries. As dis-

cussed in Chapter 1, risk has transitory effects on poverty because of the volatility of

income and consumption caused by risk. Risk also has persistent effects on growth and

poverty. Chapters 2-4 measure how big the impact of risk on growth is and the scope of

formal insurance. Chapter 2 studies the current situation of risk-sharing through trans-

fers. This is important to know since evaluating the scope of insurance requires to consider

the informal arrangements which may be crowded out by formal insurance. Chapter 3

and Chapter 4 measure the impact of risk on livestock accumulation and evaluate the

scope of insurance by estimating structural models of households’ investment in livestock.

Chapter 5 studies whether data from different strata should be pooled when producing

poverty maps using the ELL method.

Chapter 2 investigates how much risk is insured through transfers in Ethiopia. Getting

transfers from government and households’ own social networks is one way that households

use to cope with shocks. Evidence on risk-sharing (though not complete risk-sharing) has

been found for many countries (e.g., Jalan and Ravallion 1999 for China; Ravallion and

Chaudhuri 1997 for India; De Weerdt and Dercon 2006 for Tanzania). However, very little
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is known about how much risk is shared. In the well-known article Townsend (1994), the

author tests for full insurance by regressing individual consumption on individual income

and aggregated village consumption or income. It is misleading to use the coefficient from

the Townsend test as a measure of how far away the observed risk sharing is from full

insurance as households can rely on self-insurance instead of social insurance to stabilize

their consumption. There are also a large number of articles which study how responsive

the risk pooling strategies are to shocks. In these articles a variable which indicates a

measure of risk coping strategy is regressed on shocks. The variables of shocks are usu-

ally dummies or indices in these studies. Therefore, only the significance of coefficients

is meaningful and the value itself does not tell how much risk is insured by a certain

strategy.

In Chapter 2 I derive a continuous rather than a discrete measure of shocks which

are constructed from a regression of income on income determinants. Considering that

the effectiveness of the informal arrangements varies according to the type of shocks, I

further decompose the measure of shocks into a measure of covariant shocks and a mea-

sure of idiosyncratic shocks. Using these measures of shocks, I explore two functions of

transfers from government/NGOs and friends/relatives: risk sharing and income redistri-

bution. This is done by regressing the variables of transfers on the measures of shocks

and a variable indicating the difference between households’ expected income and the

village average expected income. I find evidence that transfers from government/NGOs

play a role in insuring covariant income shocks and evidence that transfers from both

government/NGOs and friends/relatives redistribute income. However, the contributions

of these transfers to risk pooling and income redistribution are economically very limited.

Moreover, transfers from friends/relatives do not play a role in risk sharing. These results

imply that even if “crowding out” does happen when formal insurance is implemented,

the importance of it on risk pooling will be minor.

Chapters 3 and 4 are on the topic of the measurement of the impact of risk on growth.

This measurement is not easy to be done as we only observe a group of households without

insurance in the data but we usually do not observe a group of households with insurance.

Therefore, we cannot apply the standard impact evaluation methodology to measure the

scope of insurance. Even in some areas where insurance has been implemented the mea-

surement meets difficulties. For example, the insurance has not been implemented long

enough to show its impact on growth and welfare, or the unobserved differences between

the group with insurance and the group without insurance are impossible to control.

Chapters 3 and 4 employ the idea in Rosenzweig and Wolpin (1993) and Elbers et al.

(2007) to measure the scope of insurance using data of livestock holdings. A household’s

investment in livestock depends on many factors, for example how risk averse the house-
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hold is, how the household discounts its future utilities and the distribution of shocks.

We can never observe the risk aversion of the household and the discount rate of future

utilities directly from the data. We do sometimes observe part of the shocks in the data

(e.g. rainfall), but usually it is difficult to derive the distribution of the shocks from the

data directly. The reasons can be that only a very small part of the shocks are observed or

the panel of the data is too short. Rosenzweig and Wolpin (1993) and Elbers et al. (2007)

estimate these factors from a structural model of households’s investment in livestock.

After estimating the model the path of growth in the situation when there is risk and in

the situation when there is no risk can then be simulated, and the scope of insurance can

then be evaluated by comparing these two paths.

Rosenzweig and Wolpin (1993) conclude that Indian farmers in the ICRISAT villages

would not benefit from the introduction of formal weather insurance. A distinctive fea-

ture of their model is that the variable of asset is discrete. Chapter 3 investigates how

models such as theirs can be estimated from panel data on production and assets. It

is shown that if assets can take only a limited number of values the coefficients of the

model cannot be estimated with reasonable precision. This can affect the conclusion that

insurance would not be welfare improving. One solution to this problem is presented in

Elbers et al. (2007). They employ a structural model with a continuous variable of asset.

They are able to estimate the coefficients of the model precisely. Based on the estimates,

they simulate paths of livestock accumulation for an average household. They find that

risk has a big negative effect on asset accumulation for the rural households in Zimbabwe:

for an average household the mean capital stock in the sample is in expectation 46%

lower than in the absence of risk. They also explore whether the impact of risk is due

to the impact of the behavioral reponse of the households to risk (ex ante effect) or due

to the impact of risk after it happens (ex post effect). They find that about two-thirds

of the impact is due to the ex ante effect. They conclude that policy interventions to

help households reduce risk (such as formal insurance) are effective not only in reducing

variability but also in helping asset accumulation and growth.

Chapter 4 is an application of the idea of measuring the scope of insurance from es-

timating a structural model of livestock accumulation to a data set from Ethiopia. The

approach used in Chapter 4 is similar to the one used in Elbers et al. (2007) but differs

in three important ways. First, the impact of risk on growth can be different for house-

holds with different productivities. In Elbers et al. (2007) households are heterogeneous

in terms of productivity but the authors only focus on the impact of risk on livestock

accumulation for an average household. In Chapter 4 I explore the differences in livestock

accumulation for households with different productivity and report them in detail. Sec-

ond, I use a different method to estimate the model. By checking the Euler equation of
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the model, I find that the equation is much better satisfied when the method in Chapter

4 is used. Third, Elbers et al. (2007) use rainfall data to estimate the correlation between

the shocks across households. I do not have the rainfall data for Ethiopia but instead I

allow for a correlation between the shocks across households.

I find in Chapter 4 that the impact of risk on livestock accumulation is big. For a

household with median productivity, under risk the expected value of livestock at the end

of a 90-year simulation period is 46% lower than it would be in the riskfree case. The

signs and sizes of the ex ante effect and the ex post effect of shocks differ for households

with different productivities. For very unproductive households both effects are positive,

and the ex post effect is bigger than the ex ante effect. For a median household the

ex ante effect of shocks on livestock accumulation dominates the ex post effect. The ex

ante effect of risk on livestock accumulation is negative and the ex post effect is positive.

For very productive households both effects are negative, and the ex ante effect is bigger

than the ex post effect in absolute value. The findings in Chapter 4 show that for the

majority of the households risk not only causes volatility in income and consumption but

also substantially lowers growth on average. Policy interventions which reduce risk faced

by the households would definitely stimulate growth.

Chapter 5 explores the issue of pooling data in poverty mapping using the method

developed in Elbers et al. (2002), henceforth abbreviated with the ELL method. The ELL

method is a widely used method in producing poverty maps. It combines a census data

and a survey data to estimate poverty indicators at a disaggregated level, on which the

survey data are not representative. The method requires to build a consumption model

using the survey data, applies the estimates from the consumption model to the census

data, and produces estimates of poverty indicators using the census data. The consump-

tion model needs to be built at a level on which the survey data are representative, so

the model can be built at stratum level or at multiple strata level. As building this

consumption model is an essential step in poverty mapping using the ELL method, the

estimates of poverty indicators may dramatically depend on whether data from different

strata are pooled when building the consumption model. Chapter 5 studies the possible

gains and losses from pooling in theory by exploring a univariate model. It is shown from

the simple univariate model that there is no definite answer to the question whether to

pool the data or not. It certainly depends on the properties of the data. In Chapter

5 I also use simulation to evaluate the reliability of a few methods that can be used to

make pooling decisions. I find that one of the methods I suggest in general works better

than the others and can be conducted to make pooling decisions while producing poverty

maps.

In summary, the main findings in this thesis are:
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• Chapter 2: Households in the ERHS villages are not well insured through transfers

from government/NGOs and friends/relatives against income shocks. Transfers from

government/NGOs play a minor role in insure covariant income shocks and transfers

from friends/relatives do not play a role in insuring shocks.

• Chapter 3: In models as the one used in Rosenzweig and Wolpin (1993) the pa-

rameters cannot be estimated precisely, since the variable of asset can only take a

limited number of values. This can affect the conclusion in Rosenzweig and Wolpin

(1993) that insurance would not be welfare improving.

• Chapter 4: Risk has a big impact on growth for the ERHS households. For most

of the households, risk lowers growth on average. Under risk the expected value of

livestock at the end of a 90-year simulation period is 46% lower than it would be in

the riskfree case for an household with median productivity.

• Chapter 5: Whether to pool data from different strata or not when producing

poverty maps depends on the property of the data. One method which can be used

to make pooling decisions is proposed in this chapter.

6.2 Directions for future research

Whether the conclusion in Chapter 4 (insurance will have a big positive impact on asset

accumulation and welfare) holds for other developing countries is not sure. Literature on

this topic is very few. Elbers et al. (2007) find that insurance will be effective in asset

accumulating and growth in rural Zimbabwe. Rosenzweig and Wolpin (1993) conclude

the opposite. The cause of the difference is the assumption on informal arrangements.

In Rosenzweig and Wolpin (1993) households are sufficiently protected through informal

insurance1, but I find that in Ethiopia informal arrangements serve a very minor role in

risk pooling. I think it is certainly interesting to explore this issue in other contexts.

Two extensions of the model are worth exploring: multiple-asset models and models with

interactions among households.

The literature on growth is usually based on one asset. The two models discussed in

this thesis (the Elbers et al. [2007] model and the model used in Chapter 4) both have

only one asset - livestock. The Rosenzweig and Wolpin (1993) model does introduce a

second asset (pump). However, it is not very successful. Since the variable pump is also

discrete, it does not bring enough heterogeneity among households and still does not solve

the difficulty in estimating the model. Future research may pay more attention to the

1Rosenzweig and Wolpin assume that households participate in an informal arrangement which estab-
lishes a floor under their consumption level.
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multiple-asset case. As assets have different properties, it is interesting to explore how

the investment behavior of households responds to risk. For example, whether a house-

hold decides to invest more in a safe asset in a risky environment. Of course it is most

interesting to find out whether the scope of insurance changes when households invest in

multiple assets.

Since I find in Chapter 2 that risk-sharing through transfers among households is negli-

gible, I did not model that these transfers are responsive to shocks in Chapter 4. However,

it is still interesting to include this issue in the model in a context where informal arrange-

ments are significant for risk-sharing. Doing so will allow to quantify the crowding-out

effect of formal insurance. As in both the Zimbabwean and the Ethiopian case informal

arrangements do not seem to be effective for risk-sharing, studying the scope of insurance

in a context with very effective informal arrangements may provide important insights to

policy makers.



Samenvatting (Summary in Dutch)

Armoede, Risico en Verzekering: Resultaten voor Ethiopië en Jemen

Armoede is een van de grootste problemen op deze wereld. In 2001 leefde ongeveer

een vijfde van de wereldbevolking (1,1 miljard mensen) van minder dan 1 dollar per dag.

Ongeveer 2,7 miljard mensen leefden van minder dan 2 dollar per dag. Hoewel de armoede

is afgenomen gedurende de afgelopen decennia heeft deze ontwikkeling voornamelijk in

Oost- en Centraal-Azië plaatsgevonden. In Oost-Azië is het percentage mensen dat van

minder dan 1 dollar per dag leeft afgenomen van 57,7% in 1981 tot 14,9% in 2001. In

Sub-Saharisch Afrika is dit percentage echter gestegen van 41.6% in 1981 tot 46.4% in

2001. In de rest van de wereld is het percentage nauwelijks veranderd. Het aantal mensen

dat leeft in armoede is nog steeds groot1.

De effecten van de armoede reiken verder dan dat een paar miljard mensen niet genoeg

geld hebben voor eten en kleding, wat op zichzelf al een serieus probleem is. Armoede

veroorzaakt veel gezondheidsproblemen in ontwikkelingslanden2. Armoede leidt ook tot

sociale isolatie en minder educatie. Armoede kan zelfs de onderliggende reden zijn van

conflicten en de oorzaak van het falen van overheden3.

Risico, één van de oorzaken en aspecten van armoede, is het onderwerp van dit proef-

schrift. Ik kijk hiernaar vanuit een micro perspectief en in de context van rurale gebieden

in ontwikkelingslanden. Met deze analyse levert dit proefschrift een theoretische en em-

pirische onderbouwing voor een armoede-reduktie strategie: verzekering. Dit proefschrift

onderzoekt ook een issue in het meten van armoede, en probeert de manier waarop ar-

moede wordt gemeten op gedisaggregeerde niveaus te verbeteren.

Twee vragen staan centraal in dit proefschrift. Allereerst, hoe groot is de invloed van

risico op groei? Ten tweede, moeten data van verschillende lagen worden samengevoegd

wanneer armoede wordt gemeten op gedisaggregeerd niveau met de methode van El-

1De in deze alinea genoemde cijfers komen uit Chen en Ravallion (2004).
2In 2004 was de levensverwachting in hoge-inkomens landen (een bruto nationaal inkomen per hoofd

van de bevolking van $10.066 of meer) 79 jaar en in lage-inkomens landen (bruto nationaal inkomen per
hoofd van de bevolking minder dan $825) slechts 59 jaar. Bron: World Bank 2006.

3Voor een meer gedetailleerde samenvatting van oorzaken en gevolgen van armoede, zie
http://worldbank.org/poverty.
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bers, Lanjouw en Lanjouw (ELL, 2002)? Risico is een belangrijk probleem voor rurale

huishoudens in ontwikkelingslanden. Zoals beschreven in hoofdstuk 1, heeft risico tijdeli-

jke effecten op armoede vanwege schommelingen in inkomen en consumptie die worden

veroorzaakt door risico. Risico heeft echter ook blijvende effecten op groei en armoede.

Hoofdstukken 2 tot en met 4 meten hoe groot de invloed van risico op groei is en daarmee

wat de gevolgen van formele verzekeringen zouden zijn. Hoofdstuk 2 analyseert de huidige

situatie van risicodeling door middel van overdrachten (zoals giften van vrienden en fam-

ilie) in Ethiopië. Dit is belangrijk omdat de bestaande methoden om om te gaan met

risico’s in belangrijke mate bepalen wat de bijdrage van formele verzekeringen kan zijn.

Bepaalde formele verzekeringen kunnen namelijk bestaande informele verzekeringen ‘ver-

dringen’. Hoofdstuk 3 en hoofdstuk 4 meten de invloed van risico op het opbouwen van een

veestapel en evalueren de potenties van verzekeringen door het schatten van structurele

modellen van huishoudinvesteringen in vee. Hoofdstuk 5 bekijkt of data van verschillende

lagen moeten worden samengevoegd bij het in kaart brengen van armoede door middel

van de ELL methode.

Hoofdstuk 2 onderzoekt hoeveel risico verzekerd is door middel van overdrachten in

Ethiopië. Overdrachten vanuit de overheid en het eigen netwerk van een huishouden is één

manier waarop huishoudens schokken het hoofd kunnen bieden. Bewijs van het bestaan

van risicodeling (hoewel niet volledige risicodeling) is gevonden voor veel verschillende

landen (zie bijvoorbeeld Jalan en Ravallion 1999 voor China, Ravallion en Chaudhuri

1997 voor India, De Weerdt en Dercon 2006 voor Tanzania). Er is echter nog weinig bek-

end over hoeveel risico gedeeld wordt op deze manier. Townsend (1994), in zijn bekende

artikel, test voor volledige verzekering door individuele consumptie te regresseren op in-

dividueel inkomen en geaggregeerd dorpsinkomen of dorpsconsumptie. Het is misleidend

om de verkregen coëfficiënt van deze Townsend test te gebruiken als maatstaf van hoe

ver de waargenomen risicodeling af ligt van volledige verzekering. Dit omdat huishoudens

hun consumptie ook kunnen stabiliseren door middel van ‘zelfverzekering’ in plaats van

gebruik te maken van ‘sociale verzekering’. Er zijn ook veel artikelen die analyseren in

welke mate risicodelende strategieën reageren op bepaalde schokken. In deze artikelen

wordt een variabele die deze risicodelende strategieën meet geregresseerd op schokken.

Schokken in deze studies zijn vaak dummy variabelen (1 of 0) of indices. Hierdoor is

alleen de significantie van de coëfficiënten van belang, de waarde zelf vertelt niet hoeveel

risico verzekerd is door een bepaalde strategie.

In hoofdstuk 2 leid ik een continue, in plaats van diskrete, maatstaf af voor schokken,

die wordt verkregen uit een regressie van inkomen op variabelen die inkomen bepalen.

Aangezien de effectiviteit van de informele arrangementen varieert met het type schok,

deel ik deze maatstaf verder op in een maatstaf van covariante schokken en een maat-



SAMENVATTING (SUMMARY IN DUTCH) 131

staf van idiosyncratische schokken. Met deze twee maatstaven onderzoek ik twee functies

van overdrachten van overheden/NGOs (niet-overheidsgebonden organisaties) en vrien-

den/familie: risicodeling en herverdeling van inkomen. Ik doe dit door variabelen die

deze overdrachten meten te regresseren op maatstaven van schokken en een variabele die

het verschil aangeeft tussen het verwachte inkomen van het huishouden en het verwachte

gemiddelde dorpsinkomen. Ik vind bewijs dat overdrachten van overheden/NGOs een rol

spelen in het verzekeren van covariante schokken en bewijs dat overdrachten van zowel

overheden/NGOs als vrienden/familie inkomens herverdelen. Echter, de bijdrage van

deze overdrachten aan risicodeling en inkomensherverdeling zijn economisch zeer beperkt.

Overdrachten van vrienden/familie spelen geen rol in risicodeling. Deze resultaten houden

in dat, zelfs als ‘verdringing’ plaatsvindt wanneer formele verzekeringsovereenkomsten

worden ingesteld, de gevolgen hiervan voor risicodeling beperkt zullen zijn.

Hoofdstukken 3 en 4 gaan over het meten van de invloed van risico op groei. Dit

meten is niet eenvoudig, omdat we vaak alleen beschikken over gegevens van een groep

huishoudens zonder verzekeringscontracten, terwijl we geen gegevens hebben over de

groep huishoudens die wel verzekeringen hebben afgesloten. Daarom kunnen we niet

de standaard ‘impactevaluatie’ technieken gebruiken om de mogelijke invloed van verzek-

eringsovereenkomsten te meten. Zelfs in sommige gebieden waar verzekeringsovereenkom-

sten bestaan zijn dit soort metingen lastig. In sommige gevallen bestaat de verzekering

nog niet lang genoeg om de invloed op groei en welvaart te kunnen meten, of is het niet

mogelijk om de invloed van niet-waargenomen verschillen tussen de groep van verzekerden

en onverzekerden te corrigeren.

In hoofdstukken 3 en 4 gebruik ik het idee in Rosenzweig en Wolpin (1993) en Elbers et

al. (2007) om de effecten van verzekeringen te meten door een structureel model te schat-

ten en te gebruiken in simulaties waarin de mate waarin huishoudens worden blootgesteld

aan risico’s wordt gevarieerd. De investering van een huishouden in vee hangt af van vele

factoren, bijvoorbeeld van risico-aversie, hoe toekomstig nut wordt verdisconteerd en de

onderliggende kansstructuur van schokken. De mate van risicoaversie van huishoudens en

de verdiscontering van toekomstig nut kunnen niet direct vanuit de data worden afgeleid.

Soms nemen we een deel van de schokken waar in de data (zoals regenval), maar vaak

is het lastig om de kansverdeling van schokken direct uit de data af te leiden. Soms zijn

slechts een beperkt deel van de schokken waargenomen, of is de tijdsperiode waarop data

is verzameld te kort. Rosenzweig en Wolpin (1993) en Elbers et al. (2007) schatten deze

factoren vanuit een structureel model van huishoudinvesteringen in vee. Nadat het model

is geschat kan de groei worden gesimuleerd voor de situaties met en zonder verzeker-

ingsovereenkomsten. Door beide paden te vergelijken kan dan de potentiële invloed van

verzekeringsovereenkomsten worden geëvalueerd.
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Rosenzweig en Wolpin (1993) concluderen dat boeren uit India in de ICRISAT-dorpen

geen baat zouden hebben bij de introductie van formele weersverzekeringen. Een onder-

scheidende eigenschap van hun model is dat de variabele waarmee veebezit wordt gemeten

discreet is. Hoofdstuk 3 onderzoekt hoe modellen zoals deze geschat kunnen worden aan

de hand van panel datasets met gegevens over productie en bezittingen. Ik toon aan dat

als bezittingen alleen een beperkt aantal waardes kunnen aannemen, de coëfficiënten van

het model niet met redelijke precisie geschat kunnen worden. Dit kan gevolgen hebben

voor de conclusie dat verzekeringen de welvaart niet zullen vergroten. Elbers et al. (2007)

presenteren een oplossing voor dit probleem. De auteurs gebruiken een structureel model

met een continue variabele voor bezittingen en zijn in staat om de coëfficiënten van het

model precies te schatten. Op basis van deze schattingen simuleren ze paden van vee-

accumulatie voor een gemiddeld huishouden. Ze vinden dat risico een groot negatief effect

heeft op de accumulatie van bezittingen voor de rurale huishoudens in Zimbabwe: voor

een gemiddeld huishouden is de verwachte waarde van het veebezit 46% lager dan als

er geen risico aanwezig zou zijn. De auteurs onderzoeken ook of de invloed van risico

een gevolg is van gedragswijzigingen door de aanwezigheid van risico (het zogenoemde ex

ante effect) of door de invloed van risico nadat het heeft plaatsgevonden (ex post effect).

Ze vinden dat ongeveer tweederde van de invloed een gevolg is van het ex ante effect,

en concluderen dat beleidsinterventies die zijn bedoeld om huishoudens te helpen risico

te verminderen (zoals formele verzekeringsovereenkomsten) effectief zijn om niet alleen

schommelingen te verminderen maar ook om de accumulatie van bezittingen en groei te

bevorderen.

Hoofdstuk 4 is een toepassing van het idee om de potentiële effecten van verzeker-

ing te schatten met behulp van een structureel model van vee-accumulatie gebaseerd op

data voor Ethiopië. De aanpak in hoofdstuk 4 is vergelijkbaar met die in Elbers et al.

(2007) maar verschilt op drie belangrijke punten. Allereerst kan de invloed van risico op

groei verschillend zijn voor huishoudens met verschillende productiviteitniveaus. In El-

bers et al. (2007) hebben huishoudens verschillende productiviteitniveaus, maar de auteurs

richten zich uitsluitend op de invloed van risico op vee-accumulatie voor een gemiddeld

huishouden. In hoofdstuk 4 analyseer ik uitvoerig hoe de vee-accumulatie afhangt van de

productiviteit van een huishouden. Ten tweede gebruik ik een andere methode om het

model te schatten. Met deze methode wordt veel beter voldaan aan de Euler-vergelijking

van het model. Ten derde gebruiken Elbers et al. (2007) data van regenval om de correlatie

tussen schokken over huishoudens te schatten. Ik heb geen regenval data voor Ethiopië,

maar in plaats daarvan laat ik in mijn model de mogelijkheid van een correlatie tussen

schokken over huishoudens toe.

Ik vind in hoofdstuk 4 dat de invloed van risico op de accumulatie van vee groot



SAMENVATTING (SUMMARY IN DUTCH) 133

is. Voor een huishouden met een mediane productiviteit is de verwachte waarde van de

veestapel aan het einde van een 90-jarige simulatieperiode in het geval van risico 46% lager

in vergelijking met de risicovrije situatie. De tekens en de omvang van het ex ante effect

en het ex post effect van schokken zijn verschillend voor huishoudens met verschillende

productiviteitniveaus. Voor erg onproductieve huishoudens zijn beide effecten positief, en

is het ex post effect groter dan het ex ante effect. Voor een mediane huishouden is het ex

ante effect sterker dan het ex post effect. Het ex ante effect van risico op vee-accumulatie

is negatief en het ex post effect is positief. Voor zeer productieve huishoudens zijn beide

effecten negatief, en is het ex ante effect groter dan het ex post effect in absolute zin.

De bevindingen in hoofdstuk 4 laten zien dat voor de meerderheid van de huishoudens

risico niet alleen schommelingen in inkomen en consumptie veroorzaakt, maar gemiddeld

genomen ook het niveau van groei substantieel verlaagt. Beleidsinterventies die de risico’s

waar huishoudens mee te maken hebben verminderen zullen groei zonder meer stimuleren.

Hoofdstuk 5 onderzoekt een issue in het samenvoegen van data bij het in kaart brengen

van armoede met de methode van Elbers et al. (2002), hierna afgekort als de ELL meth-

ode. De ELL methode is een veelgebruikte methode om armoede in kaart te brengen. Het

combineert data van een volkstelling en een enquête om zodoende indicatoren van armoede

te schatten op een gedisaggregeerd niveau waarop de enquête data niet representatief zijn.

De methode vereist het bouwen van een consumptiemodel op basis van de enquête data,

het toepassen van de schattingen van dit model op de volkstellingsdata, en produceert

vervolgens schattingen van armoede-indicatoren gebaseerd op data van de volkstelling.

Het consumptiemodel moet op een niveau worden gemaakt waarop de enquêtedata rep-

resentatief zijn, zodat het model gebouwd kan worden op een lager niveau. Omdat het

bouwen van een consumptiemodel een essentiële stap is bij het in kaart brengen van ar-

moede volgens de ELL methode, kunnen de schattingen van de armoede-indicatoren sterk

afhangen van de mate waarin data van verschillende lagen worden samengevoegd bij het

schatten van het consumptiemodel. Hoofdstuk 5 bestudeert de mogelijke voor- en nadelen

van het samenvoegen van data in theorie door een model met één variabele te analyseren.

Met dit model toon ik aan dat er geen eenduidig antwoord is op de vraag of data moeten

worden samengevoegd of niet. Dat hangt namelijk sterk af van de eigenschappen van

de data. In hoofdstuk 5 gebruik ik ook simulaties om de betrouwbaarheid te evalueren

van een paar methodes die gebruikt kunnen worden om beslissingen te nemen over het al

dan niet samenvoegen van data. Ik vind dat één van de methodes die ik voorstel, in het

algemeen beter werkt dan de anderen en kan worden toegepast om beslissingen te nemen

over het samenvoegen van data bij het in kaart brengen van armoede.

Samenvattend, de belangrijkste resultaten in dit proefschrift zijn:
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• Hoofdstuk 2: Huishoudens in Ethiopië zijn niet goed verzekerd tegen inkomenss-

chokken door middel van overdrachten van overheden/NGOs en vrienden/familie.

Overdrachten van overheden/NGOs spelen een kleine rol in het verzekeren van co-

variante inkomensschokken en overdrachten van vrienden/familie spelen geen rol in

het verzekeren van schokken.

• Hoofdstuk 3: In modellen zoals die van Rosenzweig en Wolpin (1993) kunnen de

parameters niet exact geschat worden, omdat de variabele die bezittingen meet,

slechts een beperkt aantal waardes kan aannemen. Dit kan van invloed zijn op

de conclusie in Rosenzweig en Wolpin (1993) dat verzekeringsovereenkomsten niet

welvaartverhogend zouden zijn.

• Hoofdstuk 4: Risico heeft een grote invloed op groei voor rurale huishoudens in

Ethiopië. Gemiddeld genomen verlaagt risico de groei voor de meeste huishoudens.

Wanneer er sprake is van risico zal de verwachte veestapel aan het eind van een

90-jarige simulatieperiode 46% lager zijn dan in het geval dat er geen sprake is van

risico voor een huishouden met een mediaan inkomen.

• Hoofdstuk 5: Of data van verschillende lagen moeten worden samengevoegd bij

het in kaart brengen van de armoede hangt af van de eigenschappen van de data.

Een methode die gebruikt kan worden om beslissingen hierover te nemen wordt

voorgesteld in dit hoofdstuk.
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