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Abstract

Human Capital, Informality and Labour Market Outcomes in
sub-Saharan Africa.

Submitted in Trinity Term 2011 for the Degree of DPhil in
Economics.

Andrew Kerr, St Antony’s College.

In this thesis I explore three topics in labour economics, using micro
data from South Africa and Tanzania.

South Africa suffers from extremely high income inequality, in part as a
result of comprehensive Apartheid-era racial discrimination. The first topic
explores possible explanations for the extremely large earnings differences
across different types of employment for black South Africans, using the
KwaZulu-Natal Income Dynamics Study data. I analyse the relative im-
portance of individual ability and institutions, including public sector wage
setting and trade unions, in determining earnings. My results suggest that
human capital and individual ability explain much of the earnings differen-
tials within the private sector, including union premiums, but cannot explain
the large premiums for public sector workers.

Self-employment is very common in urban Tanzania but, unlike South
Africa, survey data show that there are large overlaps in the distribution of
earnings in private wage employment and self-employment. This suggests
that self-employment represents a viable alternative to wage employment
in small, low productivity firms for the majority of urban Tanzanians. In
chapter three I build an equilibrium search model of the urban Tanzanian
labour market that is inspired by these observations and that explains the
choice of wage and self-employment and the variation in earnings across and
within these sectors.

In the final topic I explore the effect of education on earnings in Tanza-
nia. Estimating the returns to education has stimulated much recent work
in applied econometrics as researchers advance their understanding of the
effect of individual heterogeneity on the possibility of estimating the returns
to education. In my attempt to purge estimates of the return to education
of the influence of individual heterogeneity, I use an education reform in
Tanzania as a natural experiment that provides exogenous variation in edu-
cation. When using Ordinary Least Squares (OLS) I find high and strongly
convex, increasing returns to education. My best attempt at separating out
the effect of individual heterogeneity suggests that returns are still high but
that they may actually be concave.
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Chapter 1

Introduction

1.1 Overview

The labour market plays a crucial role in determining the incomes earned

by individuals and households, as most income earned by individuals comes

from the income earned from their labour. In developing countries the func-

tioning of the labour market may play an important role in determining

whether individuals experience poverty, through either unemployment or

low productivity employment. Understanding how labour markets work in

developing countries is thus a vital part of any policy strategy seeking to

raise incomes in these countries.

In this thesis I analyse the workings of labour markets in two African

countries, Tanzania and South Africa. Tanzania is a low income country

characterised by high levels of self-employment and low levels of inequality.

It has a state bureaucracy with very limited capacity to improve the lives

of its citizens. South Africa is an upper middle income country plagued by

a level of inequality amongst the highest in the world as well as a very high

unemployment rate. It also has a relatively well-financed state bureaucracy
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that is determined to implement policies that will reverse the damaging

effects Apartheid had, and continues to have, on many of its citizens.

In the first chapter of this thesis I explore different explanations for the

large earnings differentials across sectors that are observed in survey data

from South Africa. In the second chapter I build a model to explain the

choice of wage and self employment, as well as earnings determination, in

urban Tanzania. In the final chapter I estimate the returns to education in

Tanzania. In all three chapters I explore the role of individual heterogeneity

in earnings determination in different ways.

The discovery of the existence of pervasive individual heterogeneity has

profoundly influenced applied microeconometrics and labour economics over

the last fifty years. This discovery has come about as researchers began to

collect and use micro data to evaluate the success of the welfare state in influ-

encing the lives of its citizens for the better (Heckman 2001). This research

programme has been adopted in developing countries, with researchers at-

tempting to evaluate, as well as suggest, policies that aim to raise incomes

and decrease poverty. A central theme of this thesis is that an understand-

ing of the influence of individual heterogeneity on labour market outcomes

is crucial if sound conclusions are to be drawn from the available micro data

about how labour markets function.

1.2 Chapter Outlines

South Africa suffers from extremely high income inequality, as a result of

comprehensive Apartheid-era racial discrimination in educational funding

and labour market legislation. Recent estimates of inequality have shown,

though, that inter-racial inequality is declining whilst intra-racial inequality

is rising (van der Berg and Louw 2004). In the first chapter of this thesis
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I explore possible explanations for the extremely large earnings differences

across different types of employment for black South Africans, using the

KwaZulu-Natal Income Dynamics Study panel. I analyse the importance

of individual ability and human capital, relative to labour market earnings

institutions, including public sector wage policy and trade unions, in deter-

mining earnings.

Self-employment is very common in urban Tanzania, as in many African

economies, which is indicative of a low level of development. The data from

Tanzania I use in my second chapter show that, unlike South Africa, there

are large overlaps in the distribution of earnings in private wage employment

and self-employment, as well as substantial variation in earnings within these

sectors. This suggests that self-employment represents a viable alternative

to wage employment in small, low productivity firms for the majority of

urban residents in Tanzania. Inspired by these observations, in the second

chapter I build a theoretical model of the urban Tanzanian labour market

to explain the choice of wage and self-employment and the distribution of

earnings across, and within, these sectors.

In the final chapter I explore the effect of education on earnings in Tan-

zania. Estimating the returns to education has stimulated much recent work

in applied econometrics, as researchers have advanced their understanding

of the effect individual heterogeneity has on their ability to estimate the

returns to education. In much of the research estimating the returns to

education in Africa, however, there has been little acknowledgement of the

difficulties this entails. In my attempt to purge estimates of the return to

education of the influence of individual heterogeneity, I use an education re-

form in Tanzania as a natural experiment that provides exogenous variation

in education.
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1.3 Common themes

Despite the three chapters dealing with different topics, two different coun-

tries and using different tools there are some common themes across the

chapters.

All of the chapters make use of earnings functions in some form. These

are central in chapter two, where I make use of earnings functions to look

at earnings differentials across different sectors in the South African labour

market, and in chapter four, where I estimate the returns to education in

Tanzania. The use of earnings functions dates back to Mincer (1958), who

estimated the effects of education on earnings for white men in the USA.

Mincer’s (1958) contribution, along with Schultz (1958), was to analyse

education as a form of capital (human capital), which could be invested

in and which generated a return, similar to the way economists had long

thought about physical capital. This way of thinking about education has

become the norm, both in economics, and in society more generally, and has

spawned a huge research agenda which is an important part of this thesis.

Heckman’s (2001) Nobel Prize lecture focused on the diversity of eco-

nomic life that micro data have revealed to those who have collected and

analysed these data. In all three topics I explore the role of individual het-

erogeneity in determining earnings and also the choice of which sector to

work in, using tools that have been developed to analyse and understand

micro data.

Chapters two and three are both inspired by models of labour market

segmentation and research that examines evidence for and against this seg-

mentation. In a segmented labour market it is argued that formal sector

institutions prevent the higher wages paid in the formal sector from being

bargained down by those who wish to obtain employment in this sector at
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the going wage. This creates differences in the wages earned in the formal

and informal sectors by otherwise identical workers. In chapter two I show

that access to public sector employment is indeed an important determinant

of earnings in South Africa. But I also argue that the KIDS data suggest that

individual heterogeneity does explain much of the vast differentials across

different kinds of private sector employment.

In chapter three I argue that what is most interesting about Tanzania is

not that there are large average earnings differences between sectors, as is

true in South Africa, and as emphasised in the segmentation literature, but

rather the overlap of earnings between wage and self-employment. I take a

step away from the segmentation literature by building a model in which

the choice of wage and self-employment, and the earnings in each of these,

are determined by individual productivity differences in self-employment,

rather than by labour market institutions, as in a segmented labour market.

A question related to the segmentation question, that is touched on in

both of the first two topics, is whether the labour market is competitive.

In the second chapter I compare the competitive model with human capital

with a segmented labour market model. I argue that my results suggest

there are features which imply segmentation between the public and pri-

vate sectors, but not within the private sector. In chapter three, despite

moving away from a segmented labour market model, I do not model the

labour market as competitive. Instead, following the equilibrium search lit-

erature (Mortensen and Pissarides 1999), I assume frictions limit the ability

of workers to match with wage and self-employment opportunities and also

give employers monopsony power that allows them to pay wages that are

below the marginal product of the employees they hire.
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1.4 The Contribution of this Thesis

The major contribution of this thesis is to apply recent developments and

insights in econometrics and economic theory to explore earnings determi-

nation in two African labour markets, as well as to provide evidence on, and

analyse, how these labour markets function. I answer questions about the

importance of trade unions, the public sector and human capital in earnings

determination, as well as the influence of self employment in a labour market

when self-employment is prevalent.

In chapter two I analyse the workings of the South African labour market

by using a panel dataset that allows me to explore the role of unobserved

heterogeneity in earnings determination. Current research has focused on

whether the labour market is segmented into the formal and informal sec-

tors (Badaoui et al. 2008). I challenge the relevance of a simple binary

dichotomy between the formal and informal sectors and move beyond the

current body of research by exploring the interaction of individual hetero-

geneity and institutions, including the public sector and trade unions, in

determining earnings.

In chapter three I develop what I believe to be the first matching model of

an African labour market, incorporating self-employment as an alternative

to matching with a firm. In doing so I emphasise the role of individual

heterogeneity in earnings determination and the choice of whether to work in

wage or self-employment. I also link my model to micro data from Tanzania,

and generate earnings variation in both sectors, unlike other recent models

of labour markets in developing countries (Albrecht et al. 2009).

In chapter four I estimate the returns to education in Tanzania using

nationally representative cross sectional data, which has not been under-

taken before. I compare my estimates for the country with earlier estimates
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(Söderbom et al. (2006), Knight and Sabot (1990)), linking my findings to

recent education policy in Tanzania. In this I embed my work in the treat-

ment effects literature, using this as a basis to understand what it is possible

to estimate, when there is heterogeneity in the returns to education, and the

assumptions required to do so.
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Chapter 2

The Role of Institutions in

Determining Sectoral

Earnings Differentials: Panel

Data Evidence from South

Africa

2.1 Introduction

In 2004 black self-employed workers in KwaZulu-Natal province, South Africa,

had average hourly earnings six times lower than black employees in private

sector firms, who themselves earned half the average hourly wage of black

workers in the public sector. In this chapter I seek to explain the vast differ-

ences between the average earnings of the self-employed, at one end of the

informal/formal divide in South Africa, and unionised public sector workers
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at the other.

Human capital theory provides one potential explanation for earnings

differentials. This theory posits that workers’ productivities explain their

earnings, and sector choices, and implies that these sector choices are utility

maximising, despite the possible existence of sectoral earnings differentials.

Extensions and modifications of the Harris and Todaro (1970) model pro-

vide an alternative explanation, suggesting that institutional features of the

labour market prevent formal sector earnings from equalising the demand

and supply of labour in this sector. Different features that are present or

absent in particular sectors of the labour market have been argued to gen-

erate wage differentials between the sectors for otherwise identical workers,

which is described as segmentation. These include union wage bargaining,

minimum wage laws and public sector pay policies.

In this chapter I use a panel data set that allows me to explore the role of

observed and unobserved heterogeneity in determining earnings outcomes in

the South African labour market, as well as the relative contributions of two

key formal sector institutions, public sector pay policy and trade unions, to

sectoral earnings differentials. As a result of the legacy of Apartheid racial

classifications continue to be commonly used in surveys and censuses and in

analyses of the labour market. I abstract from racial differentials in labour

market outcomes in this chapter by confining my analysis to black South

Africans only. This decision mainly reflects data constraints: the panel data

set I use only contains information on black and Indian households. Given

the large differences in labour market outcomes in South Africa across all

racial groups, however, I have chosen to limit my analysis to black workers.

The structure of the chapter is as follows: Section 2.2 reviews evidence

on possible explanations of earnings differentials in South Africa. The
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KwaZulu-Natal Income Dynamics Study is described in Section 2.3. Sec-

tion 2.4 tests the ability of both human capital theory and versions of the

segmentation hypothesis to explain earnings, and explores the effects of al-

lowing for unobserved heterogeneity to influence earnings. The robustness

of the results to corrections for attrition is considered in Section 2.5 and

Section 2.6 concludes.

2.2 Identifying Sources of Earnings Differentials

In this section I review explanations for wage differentials between jobs that

differ in their level of formality. The segmented labour market hypothesis

challenges the assumptions of the neo-classical model of labour supply and

a single competitive labour market in which workers are paid their marginal

product. Instead, it emphasises institutional factors such as union power,

wage setting in the public sector, minimum wage legislation and other forms

of regulation, as well as firm behaviour in the private sector as having a sig-

nificant impact both on an individual’s choice of where to work or to search

for employment and of the wage paid. It is argued that these institutional

factors result in wage differentials across sectors which are inconsistent with

the competitive model.

2.2.1 The Competitive Framework with Human Capital

The traditional neo-classical framework emphasises the productivity of in-

dividuals as the primary driver of wages in a competitive labour market.

In the simplest competitive model there is no distinction between jobs that

differ in their degree of informality or between unobserved, productivity-

enhancing individual abilities. In this model any wage differentials between

sectors or jobs would be competed away through workers moving to sectors
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where wages are highest and the assumption of decreasing marginal produc-

tivity of labour. Individual heterogeneity can easily be incorporated into

human capital theory in a number of ways, however, resulting in a richer

model with more power to explain outcomes observed in the labour market.

When incorporating human capital investment, workers choose the amount

of education and training that maximises their expected lifetime utility, they

are paid their marginal product and the market outcome is the efficient level

of wages and employment. The work of Becker (1962) and Mincer (1973)

underpins much of human capital theory, as well as the exploration of some

of its empirical implications. In this literature productivity is assumed to be

a function of education, experience in the labour market, and general and

specific training. The estimation of earnings functions as a method of test-

ing human capital theory has rapidly become a prominent feature of labour

economics (Card 1999). Wages are generally observed to increase with ed-

ucation, training and experience (Mincer 1973), evidence in favour of the

basic tenants of human capital theory. I explore human capital investment

and the impact of education on earnings in much greater detail in chapter

four of this thesis. In this chapter I assume that individuals have one kind of

ability that affects productivity in all sectors, in addition to their observable

human capital.

In this chapter I focus on earnings differentials across different sectors of

employment. What has been called “occupational choice” has been incor-

porated into modern human capital theory (cf Boskin (1974) and Fleisher

(1970)). In this extension individuals choose their education and training

levels, as well as their sector of employment, to maximise their lifetime

utility. This utility is based on their (possibly unobserved) productive capa-

bilities in each sector and the benefits and costs of education and training re-
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quired to enter each sector. Workers should thus be observed in occupations

where their expected future lifetime utility is highest. In this competitive

paradigm any wage differentials between individuals should reflect only ob-

served and unobserved differences in productive capabilities and differences

in job characteristics across sectors. All other wage differentials are assumed

to be competed away as individuals move to sectors where wages are higher.

An early example of occupational choice predating a human capital ap-

proach is the work of Roy (1951). In his two-sector assignment model, Roy

(1951) explains sector choice by unobserved differences in individuals’ pro-

ductive capabilities in each sector. Education and training, and the amount

of investment in these, are not modeled. In his model workers choose the

sector in which they have a comparative advantage. This leads to wage dif-

ferences between sectors, but these simply reflect differences in unobserved

ability between workers in the two sectors. In my empirical investigation I

do not allow for more than one type of unobserved ability. I do take this

further in the next chapter of this thesis, where I develop an explicit the-

oretical model of sectoral choice, ability and earnings in the context of the

Tanzanian labour market.

2.2.2 Segmented Labour Market Theories

Despite the success in explaining wages of the competitive model that in-

corporates human capital, some economists have emphasised that the com-

petitive model was not sufficient to explain wage differentials between in-

dividuals (Leontaridi 1998). This line of thought has been argued to begin

with the American Institutionalist school of thought (Dunlop (1957), Kerr

(1954)). It was further developed in the 1960s as social scientists grappled

with the new micro data available to them, and argued that similar workers
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were observed to earn substantially different amounts depending on which

sector they worked in (Leontaridi 1998). Instead of explaining these out-

comes within the neoclassical paradigm, as occupational choice did, some

economists emphasised the importance of labour market institutions that

prevented the bargaining down of wages in high wage sectors by workers

in low wage sectors and which uncoupled the productivity-wage relationship

central to human capital theory. It was argued that institutional constraints

led to different wage setting mechanisms in different sectors in the market

and to workers with similar skills and experience being paid different wages,

depending on which part of the market they were able to access. This was

labeled segmentation.

Various explanations were given for the existence of institutional con-

straints and wage setting mechanisms differing between sectors. In the

developing country context the Harris-Todaro model of migration (Harris

and Todaro 1970) posited the existence of a minimum wage in the urban

sector that was set above the market clearing wage, due to minimum wage

legislation, and that was insulated from the forces of supply and demand.

The rural labour market was assumed competitive. The wage in the rural

agricultural sector and unemployment in the urban sector were determined

by the equalising of the wage in the rural sector with the expected wage in

the urban sector. The expected wage was the urban sector wage multiplied

by the probability of obtaining urban sector employment. The existence of

a minimum wage meant that rural workers or the unemployed could not

bid the urban wage down to a level that equilibrated actual, as opposed to

expected, wages in the rural and urban sector. If a worker managed to find

urban sector employment he would thus be paid more than if he worked in

the agricultural sector.
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A very important development in the analysis of labour markets in devel-

oping countries was the recognition of the existence of the informal sector.

Attention was first drawn to the informal sector in the 1972 International La-

bor Organization (ILO) mission to Kenya (International Labour Office 1972)

and anthropological work by Hart (1973) in urban Ghana. This highlighted

that many urban residents were making a living beyond the influence of min-

imum wage laws and other employment regulations, both in self-employment

and in small, unregistered and often family-owned firms.

These new developments led to much new empirical and theoretical re-

search on the informal sector. An important contribution was that of Fields

(1975), who extended the Harris-Todaro framework to include an urban

informal sector, which he called the murky sector, along with the urban

formal sector and rural agriculture. The murky sector consisted of informal

self-employment and casual employment in informal enterprises, and was

considered a free entry sector. As a result anyone was assumed to be able to

find employment in this sector, although the wage paid was assumed to be

even lower than that paid in the agricultural sector. Individuals were willing

to work for this low wage in the model because murky sector work allowed

them to search for a high wage formal sector job more efficiently than if

they worked in rural agriculture. Employment in this sector was assumed

to be a temporary experience while an individual searched for a job in the

formal sector. Again, the existence of a minimum wage or union activity

in the formal sector created sectoral wage differentials, despite the model

specifying identical individual productivity. It also implied that formal sec-

tor employment was lower than the equilibrium level, and thus productive

employment opportunities that would have been created in the absence of

fixed formal sector wage, were not created. Fields (1975), along with the
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Harris and Todaro (1970) model, can be seen as part of the basis for the

subsequent empirical investigation of segmentation in developing country

labour markets.

In the wake of the early work on the informal sector there has been

a large volume of research on this sector in economics, anthropology and

other social sciences. One part of this literature focuses on how informality

should be defined. Initially the ILO Kenya report gave several character-

istics of informal activities, including “ease of entry”, “family ownership

of enterprises” and “unregulated and competitive markets” (International

Labour Office 1972). The ILO has subsequently given numerous definitions

of the informal sector with the most recent definition being expanded to

include informal workers in registered enterprises, in addition to workers in

unregistered or small enterprises, and those in enterprises that did not reg-

ister some of their employees (Guha-Khasnobis et al. (2006), Muller (2003),

Heintz and Posel (2008)). Informal workers are then defined by the ILO

as those individuals who are “in law or in practice, not subject to national

labour legislation, income taxation, social protection or entitlement to cer-

tain employment benefits” (Hussmans 2004).

In all these views the distinction between formality and informality is a

binary one. An employed person is thought of as being either in a formal job

or an informal job. Instead of a binary dichotomy Chen (2006) has argued

that there is actually a continuum of the formality of jobs, with some being

more formal than others. In this chapter I take this approach. Unionised,

public sector work in South Africa could be considered highly formalised,

unionised regular work in the private sector less so, and self-employment or

casual employment even less formal. The segmented labour market hypoth-

esis would suggest that jobs with higher levels of formality would be higher

15



paying than less formal jobs, even after controlling for observed and unob-

served ability. I test the relative importance of labour market institutions,

compared to individual heterogeneity and human capital in my empirical

analysis below.

2.2.3 Explaining Earnings Differentials in South Africa

In a competitive market, human capital theory predicts that earnings are

determined by individuals’ productive characteristics such as their education

and labour market experience. There is much evidence in South Africa that

human capital is an important determinant of earnings. The returns to ed-

ucation from ordinary least squares earnings regressions have been shown to

be strongly convex. Tertiary education is associated with marginal returns

of over 50 percent a year when using OLS and age earnings profiles sug-

gest large returns to labour market experience (Keswell and Poswell 2004).

Kingdon and Knight (2004) also show that higher levels of education in-

crease expected wages through decreasing the probability of unemployment.

There are also several studies that hint at the importance of unobserved

human capital for earnings. Badaoui et al. (2008) show that unobserved

ability partly explains a formal sector premium for employees, whilst Corn-

well and Inder (2008) show that the ability to speak English (not captured

in the KIDS data I use below) is a key determinant of earnings differentials

in cross-sectional data.

There are many studies, however, showing that human capital is not the

only determinant of earnings. The fundamental assumption in the Fields

(1975) extension of the Harris and Todaro (1970) model is that the wage in

the urban formal sector is fixed at a level higher than the market clearing

wage. Without this there would be no segmentation, as the wage would
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be bargained down by the unemployed and those in the informal sector

until wages in the urban formal and informal sectors were equalised. At

the aggregate level, Casale et al. (2004) show that the broad unemployment

rate in South Africa rose from 29 percent to 43 percent between 1995 and

2003, but that between 1997 and 2003 real wages for employees in registered

businesses, one of the possible definitions of the formal sector, have been

roughly constant. Interestingly, these authors also show that the earnings

of those employed in unregistered businesses and the profits of owners of

unregistered businesses declined by 36 percent over the same period, whilst

employment in this category increased by more than 2.7 times1.

These results point to a degree of inflexibility in parts of the South

African labour market, with a number of institutional features that could

explain this inflexibility being suggested by different authors. A key part

of the South African labour market legislation is that which pertains to

Bargaining Councils. These can be created by agreement of trade unions

representing 50 percent of workers in any industry and firms employing 50

percent of workers in the same industry in a particular region. Bargaining

Councils have the power to set minimum wages in the industry, even for

firms in the industry who are not part of the Bargaining Council (Bhorat

et al. 2007). Magruder (2009) shows that industries with Bargaining Coun-

cil agreements have wages between 10-21 percent higher than industries in

neighbouring areas without these agreements, and argues that the Bargain-

ing Council system results in lower employment and a smaller average firm

size of firms in regions and industries covered by Bargaining Council agree-

ments.

Moll (1996) explores the impact of Industrial Councils, the forerunners

1The authors note that some of this increase in employment is the result of better
capturing of informal employment in more recent surveys.
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of Bargaining Councils, and provides some descriptive evidence that these

created wage premia even for non-union workers covered by an Industrial

Council agreement during the early 1990s. Butcher and Rouse (2001) inves-

tigate this effect more rigorously and find a small but significant premium

using the 1995 October Household Survey. More recent work using the

2005 Labour Force Survey (Bhorat et al. 2007) has shown the public sec-

tor Bargaining Council is associated with large wage premia. This accords

with work by Heintz and Posel (2008), who show that public sector workers

earn 40 percent more than formal private sector workers after controlling

for a range of observable characteristics. Thus there is some evidence that

Bargaining Councils contribute to raising wages and lowering employment

in South Africa, and that this effect is particularly large within the public

sector.

Trade unions are often claimed to be one of the institutional factors that

prevents the formal sector wage from clearing the labour market. This is

argued to occur through their role in firm-level bargaining, in addition to

their role in facilitating Bargaining Council agreements. Union premiums

of 60 percent in the 1993 PSLSD data (rising to 145 percent for the lowest

decile of black workers), documented by Schultz and Mwabu (1998), suggest

that unionisation is an important factor in wage determination. Butcher and

Rouse (2001) argue, however, that these large premiums are exaggerated as

a result of not controlling for industry of employment and that this reduces

the premium to around 20 percent, which is comparable with premiums in

OECD countries. Their conclusion is that unions are not responsible for

raising wages or for contributing to South Africa’s extremely high unem-

ployment rate.

Several studies specifically set out to investigate whether the South
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African labour market is segmented by exploring whether formal sector em-

ployment, usually defined as those working in or owning registered enter-

prises, is associated with a substantial earnings premium. Heintz and Posel

(2008) find large premia for formal sector workers using cross-sectional data

from the 2004 Labour Force Survey. Cichello et al. (2005) show that obtain-

ing formal employment is a key determinant of earnings growth between the

first two waves of the KIDS data. There is thus some evidence for segmen-

tation in these studies.

Results from cross-sectional data that suggest the existence of formal

sector earnings premia may, however, be explained by individual differences

in unobserved ability or unobserved school quality. The only study that

takes unobserved heterogeneity into account in South Africa is Badaoui et

al. (2008). The Labour Force Survey panel is used to show that there is no

formal sector premium for black males once unobservable differences between

individuals are taken into account, where the definition of formality used by

the authors is whether the employee is employed in a registered enterprise.

Several important points should be made in relating the work of Badaoui

et al. (2008) to my undertakings in this chapter. Firstly, these authors

define a very narrow field of investigation. The authors look only at private

employees, leaving out public sector workers and the self-employed. The

authors thus only attempt to explore whether there is an earnings premium

for employees in registered enterprises, compared to unregistered enterprises.

In finding no formal sector premium, Badaoui et al. (2008) say nothing

about how this result is obtained or how the institutions or regulations

present in the South African context may have contributed to this situation.

In comparison, my work in this chapter attempts to explore the effects of

different institutions on wage setting both within formal employment and
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in less formal employment.

Secondly, though Badaoui et al. (2008) make use of the benefits of panel

data in controlling for individual effects, they do not address the additional

problems panel data bring, specifically attrition bias and attenuation bias

caused by measurement error (Deaton 1997). My work allows for important

distinctions within formal employment and it addresses the possible role of

unobserved heterogeneity in wage outcomes, in addition to concerns about

measurement error and attrition in panel data, using the KwaZulu-Natal

Income Dynamics Survey, which I discuss in the next section.

2.3 Description of the KIDS Data and Survey Method-

ology

This section provides a brief description of the KwaZulu-Natal Income Dy-

namics Study (KIDS), a three-wave panel conducted in 1993, 1998 and 2004

in KwaZulu-Natal province, which was the largest province by population

when the survey was undertaken2 3. The 1993 wave was part of the first

nationally representative household survey in South Africa: the Project for

Statistics on Living Standards and Development (PSLSD). A decision was

then taken to resurvey only the households in KwaZulu-Natal to create the

KIDS panel data set (May et al. 2000). Although the PSLSD surveyed

2Subsequently Gauteng has become the most populous province, largely as a result of
in-migration.

3The KwaZulu-Natal Income Dynamics Study (KIDS) was a collaborative project be-
tween researchers at the University of KwaZulu-Natal, the University of Wisconsin, Lon-
don School of Hygiene and Tropical Medicine, International Food Policy Research Institute
(IFPRI), the Norwegian Institute of Urban and Regional Studies and the South African
Department of Social Development. In addition to support from these institutions, the
following organizations provided financial support: Department for International Develop-
ment - South Africa (DFID-SA); the United States Agency for International Development
(USAID); the Mellon Foundation; and National Research Foundation/Norwegian Research
Council grant to the University of KwaZulu-Natal.
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all four main racial groups within South Africa (black, coloured, Indian and

white), given the small number of white and coloured households surveyed in

KwaZulu-Natal, a decision was taken to exclude coloured and white house-

holds from future survey waves (May et al. 2007). Given the fundamen-

tal differences in education and labour market outcomes for different racial

groups and the small sample of Indian households, I have further confined

my analysis to black households only.

The system of migrant labour that developed during Apartheid meant

that individuals retained links with a rural home but spend most of the

year in the urban area in which they worked. This system resulted from

restrictions on setttlement in urban areas, particularly on migrants’ family

members (Posel and Casale 2006). The household was the primary unit

of analysis in the PSLSD and a broad concept of the household was used

to capture all those associated with the household in the household roster,

including migrants. In section 2.A.1 in the appendix to this chapter, I set out

how the questionnaire defined household membership and how households

were tracked in the 1998 and 2004 follow-up surveys.

2.3.1 Describing Employment, Earnings and Education

Formal and informal employment have been distinguished in a variety of

ways, as I discussed above. Statistics South Africa uses the enterprise cri-

terion to distinguish the formal and informal sectors (Muller 2003), so that

if the business the individual works for or owns is registered with a govern-

ment agency or is paying VAT, then the individual is considered to be in

the formal sector (Heintz and Posel 2008).

The questions asked in KIDS do not allow for the categorisation of jobs
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according to the ILO or Statistics South Africa definitions4. The KIDS data

do allow me to explore the effects of public sector wage setting and unionisa-

tion on earnings, however, which can be argued to be two important labour

market institutions. I thus describe and explain the differences in earnings

between six mutually exclusive employment types that can be identified in

the KIDS: four types of regular employment (private non-union, private

union, public union and public non-union), as well as casual employment

and self-employment.

The structure of employment in South Africa reflects a major difference

between it and most other African countries: self-employment in informal

enterprises and other types of informal employment make up only a small

part of total employment (Kingdon and Knight 2004). This difference is

evident in Table 2.1 for the first two waves of the KIDS data, where regu-

lar employment predominates. By 2004, however, casual employment had

become the most common form in this survey, with a dramatic decline in reg-

ular employment, possibly reflecting non-random attrition from the panel.

Most of the decline in regular employment is in private, non-union regular

employment, and is concentrated amongst those classified as labourers (not

shown). Table 2.2 shows that labour force participation was roughly con-

stant across the three waves of the survey, whilst employment is estimated

to have decreased by about ten percent between 1993 and 2004, resulting in

an increase in the measured broad unemployment rate5.

Table 2.1 also shows the large hourly earnings differences between regu-

lar, casual and self-employment that I highlighted at the start of this chapter

4Further details of the relevant labour market questions asked in the KIDS are provided
in section 2.A.1 in the appendix to this chapter.

5The number of employed and the number of earners in the sample differs because
some individuals did not provide earnings. I have not imputed earnings where these were
missing.

22



and which demand an explanation. The hours worked variable is constructed

using a question on the number of hours worked in an average day for those

in casual and regular employment. The earnings variable is constructed

from net earnings for those who reported paying tax and gross earnings for

those who reported not having paid tax. For those in self-employment the

questions were about the total hours and profits in the business, and house-

holds were allowed to list up to three members involved in the business, but

there was no question asking the amount of time each member worked in

the business. There is thus some discretion required as to how to allocate

the time and profit from these businesses to each individual. I have assumed

an equal share of time and profit for each individual listed as helping with

the business.

The median wage for public sector workers in unions was 17 times higher

than earnings in self-employment in 2004, a gap which had increased three-

fold since 1993. This increase in the earnings gap over the eleven year period

covered by the surveys was generated by a decline in earnings by a third for

the self-employed and an increase of roughly 65 percent for unionised public

sector employees. There were substantial increases in real wages between

1993 and 1998, as noted in Cichello et al. (2005), with the largest percentage

increases for public sector workers. This may be a selection effect due to

attrition. It may also reflect the increase in the wages of black individuals

in the public sector of the old KwaZulu homeland to the level of their white

counterparts as a result of the new democratic government that took power

in 1994, or the effects of the formation of the Public Service Co-ordinating

Bargaining Council, which occurred in 1997 (Bhorat et al. 2007). Table 2.1

also shows that between 1998 and 2004 real wages remained constant or de-

creased slightly. Interestingly, Table 2.3 shows that, on average, those work-
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ing in casual or self-employment have similar weekly working hours to those

in regular employment. Thus despite working similar hours, self-employed

and casual workers earned significantly less per month than employees with

a regular job, and thus also had significantly lower hourly wages.

The expansion of educational opportunities for all South Africans since

the end of Apartheid was one of the South African government’s major

challenges. Significant educational expansion between 1993 and 2004 is ev-

ident in the KIDS data, as shown in Table 2.3. Public sector employees

have the highest levels of education across the three waves, and those in

self-employment have the lowest. Large earnings differences across the sec-

tors seem to be correlated with large differences in educational attainment,

which is consistent with human capital theory. This will be given further

attention in the subsequent analysis.

There are indications from the descriptive statistics I have presented

that non-random attrition is a concern. The KIDS panel attempted to track

households that moved, and refreshed the sample by surveying households

of the children of core members6. The large attrition rate is problematic and

may be the reason some of the changes in employment and earnings over the

three waves do not accord with those from nationally representative cross-

sectional surveys. The attrition rate is similar to other comparable surveys

in developing countries (May et al. 2007), however, and techniques do exist

to correct for some types of attrition, which I employ in Section 2.5. I now

describe the attrition in KIDS in greater detail.

6Core members are defined in the Appendix to this chapter.
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2.3.2 Attrition

In any panel survey attrition is a potential cause for concern, as it can gen-

erate attrition bias in parameter value estimates. One can employ methods

to correct for this potential source of bias, however. The first two waves

of KIDS were five years apart and the second and third waves were six

years apart, meaning that higher levels of attrition could be expected than

in panels with survey waves at shorter intervals. The survey methodology

did, however, involve attempting to track those households that moved. En-

tire households exited the sample in waves subsequent to 1993 in four main

ways. The first is that some households refused to be re-interviewed. This

is generally less of a concern in developing countries, and occurred in only

four black households in 1998. The figures for 2004 are not given in May et

al. (2007) and are not available in the publicly released survey data. The

second possibility was that the survey team found evidence that a household

had moved, but not enough detail about where the household had moved to,

to allow tracking of the household. The third possibility was that the sur-

vey team could find no-one in the community in which the household was

living who recognised the names of the members on the household roster

from the previous wave. The fourth possibility was that the survey team

ascertained that all the core members had died by the next wave, meaning

that no-one from the household was interviewed. Some of those households

of which the survey team found no trace would probably also fall into this

fourth category.

In addition to the attrition of households from the sample, it was also

possible for individuals to attrite from households that were re-interviewed.

This happened, for example, when an individual listed on the household

roster in a previous round was described as not living more than 15 days
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out of the last month in the household. No further questions were asked

about such individuals and they are considered to have exited.

Of the 1139 black households interviewed in 1993, 964 were re-interviewed

in 1998. This figure differs slightly from the one given in May et al. (2000)

due to the later discovery of the fabrication of 39 household interviews in

1993 and 1998, reported in May et al. (2007). Since some households had

split, a total of 1000 households containing core members were interviewed

in 1998, and of these 752 were successfully re-interviewed in 2004. Again,

because of split, next generation and foster households, the total number of

completed questionnaires in 2004 was 1211, including 185 foster households

and 268 next generation households. Thus at least one core member of the

1132 households first interviewed in 1993 was successfully re-interviewed in

721 households in 2004, representing household attrition of 36 percent over

eleven years.

As noted in May et al. (2007), this underestimates the individual at-

trition in the sample, which is higher because of the additional attrition

of individuals that belonged to households that were re-interviewed. Of the

8258 individuals in households interviewed in 1993, 971 exited from the sam-

ple because they belonged to households that were not re-interviewed, and

another 953 exited from households that were re-interviewed in 1998. Of

the 7786 individuals that were listed as members of households that were

interviewed in 1998, 1278 exited because they belonged to one of the 248

households that were not re-interviewed in 2004. Another 1410 individu-

als exited from households that were re-interviewed. This implies that of

the 8258 individuals interviewed in 1993, 5397 were re-interviewed in 2004.

Whilst these are large rates of attrition, May et al. (2007, pg. 638) show

that they are comparable to attrition rates in other developing countries
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such as the LSMS Cote d‘Ivoire panel survey conducted in the late 1980s

and the Lima LSMS from Peru and argue that KIDS “continues in most of

its important demographic characteristics to remain broadly representative

of the population of the province.”

Table 2.4 show some correlates of household attrition. In both 1998 and

2004 it seems that smaller households are more likely to exit the sample.

Whether the household lived in a rural area or whether the household’s

dwelling was owned by a member does not, however, seem to be correlated

with attrition. Households with higher per capita income seem more likely

to exit in 2004, but not in 1998. Table 2.5 shows some correlates of indi-

vidual attrition (all individuals older than 15, including those who exit the

sample due to household attrition). Individuals that exit are older, more

likely to be male, come from larger households and have slightly higher lev-

els of education. Whether the individual is a core member or not is an

important predictor of attrition in both 1998 and 2004: as a result of the

survey methodology, core household members were tracked if they moved,

whilst other household members were not. Table 2.5 shows the same char-

acteristics for the sub-sample of earners, which I use in the next section.

In this sample men and those who are married seem more likely to exit.

Younger earners also seem more likely to exit the sample.

Having given a description of attrition in the KIDS I turn to explaining

wage differentials. I return to attrition in section 2.5, when I explore the

effects of attrition on the results I obtain in the following sections.

2.4 Explaining Wage Differentials in South Africa

In this section I explore the extent to which the competitive model, within

a human capital framework, can explain the large average wage differentials
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across employment of different levels of formality documented above, esti-

mating earnings functions using Ordinary Least Squares (OLS). Previous

research suggests that controlling for unobserved heterogeneity, including

unobserved comparative advantage, will be an important step forward in

analysing these earnings differentials.

2.4.1 Can Human Capital Theory Account for Earnings Dif-

ferentials?

I begin testing explanations for the large wage differentials shown above by

exploring to what extent they are due to observable human capital, esti-

mating earnings functions using OLS. Table 2.7 shows basic OLS earnings

functions for the three waves of the panel, with the log of real hourly wage

being the dependent variable7. Missing earnings or hours data, occurring be-

cause individuals refused to answer or the respondent did not know, are not

imputed. The education variables used are dummies indicating whether the

individual had some primary, completed primary, some secondary, matric

(completed secondary) or some tertiary education. The omitted category is

no education.

Across all three waves the results show that there are large returns to

education and labour market experience. The strongly convex returns to

education are consistent with other findings for South Africa (Keswell and

Poswell 2004) and for other African countries (Bennell 1996), and contra-

dicts the assertion of Psacharopoulos (1994) that returns to education are

generally concave in developing countries. The age-earnings profile, which

is a proxy for rewards to labour market experience, suggest that 20 extra

7The interpretation of the regression coefficients is the percentage change in the hourly
wage for a unit change in a regressor. For dummy variables the percentage effect of a
change from zero to one is calculated by eβ−1. Table 2.6 in the Appendix to this chapter
shows basic summary statistics for the variables included in the regressions.
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years of labour market experience would result in a 40-year-old gaining a

55 percent increase in earnings compared to a 20-year-old, holding other

variables constant. The negative but insignificant married dummy in 1998

is not consistent with the finding that married individuals earn higher wages

on average (Casale and Posel 2010).

The vast raw wage differences across various dimensions of formality,

noted in section 2.3, are substantially reduced in the OLS earnings func-

tions for each of the three waves, conditioning on a range of covariates. In

the pooled data the six-fold raw difference in average earnings between the

highest and lowest paying sectors is reduced to roughly a four-fold differ-

ence when controlling for observable human capital. Interestingly, most of

this occurs through reduced differentials within the private sector, with the

large raw public sector premium hardly declining. It would seem that ob-

servable human capital can explain some of the earnings differentials within

the private sector, but not the differentials between the public and private

sectors. The union premium in the private sector is estimated to be around

65 percent, but drops to roughly 30 percent when I control for industry and

occupation, shown in the last column of Table 2.7. This is consistent with

the analysis of Butcher and Rouse (2001) that I discussed in section 2.28.

2.4.2 Modeling Unobserved Heterogeneity

OLS estimation fails to allow for factors such as unobserved ability and

preferences for different job characteristics. Panel estimators can be used

to control for unobserved individual time invariant heterogeneity. It is then

possible to estimate the change in earnings as an individual moves between

8With the KIDS data I am only able to explore the effect of union membership and
not on the broader role unions play in raising minimum wages for all workers through the
bargaining council system, which I discussed in Section 2.2.
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union and non-union employment, or into or out of the public sector. There

is a significant amount of movement between sectors, as shown in Tables 2.8

and 2.9, which is required for identification of differences in earnings across

different levels of formality. In particular, anticipating my results below,

there is extensive movement out of, and into, private unionised employment.

I use fixed effects and first and second difference estimators in my esti-

mation. The fixed effects model is

yit = αi + x
′
itβ + εit. (2.1)

The αi terms are the individual specific effects. xit and β are K x 1 vectors,

and I assume the εit are iid [0, σ2]. The fixed effects estimator is obtained

by subtracting the time-averaged model from the original model, giving

yit − ȳi = (xit − x̄i)′β + (εit − ε̄i). (2.2)

Wooldridge (2002) shows that this is a consistent and unbiased estima-

tor if either N→ ∞ or T → ∞ and assuming strict exogeneity of the εit

(E[εit|xit, αi] = 0). Alternatively, one can estimate the fixed effects model

using the first difference estimator, subtracting the model lagged one period,

to obtain

yit − yi,t−1 = (xit − xi,t−1)′β + (εit − εi,t−1). (2.3)

This is also unbiased and consistent under the assumptions above, but is less

efficient than the fixed effects estimator when εit are serially uncorrelated.

Longer differencing periods can reduce the effects of attenuation bias due to

measurement error and help determine how serious the bias is in the first

differenced results (Griliches and Hausman 1986). I explore this further
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below.

2.4.3 The effects of unobserved heterogeneity

Table 2.10 reports results from the fixed effects estimator, as well as the

first and second difference estimators. Second differencing is the maximum

difference allowed by the data, since KIDS is a three wave panel. The first

column shows the results of the fixed effects estimator. They suggest that a

significant premium remains for those in public sector employment, relative

to private regular employment. Those in unionised, public sector employ-

ment earn around 90 percent more than those in private, regular, non-union

employment, controlling for time invariant unobservables and time vary-

ing observables. Private sector, regular employment is more lucrative than

casual or self-employment, with those in casual employment earning 27 per-

cent less, and those in self-employment 9 percent less than those in regular,

private, non-union employment, although the self-employment coefficient is

not significantly different from zero at the 5 percent level.

There is also a statistically significant9 two-and-a-half-fold difference be-

tween the highest and lowest paying sectors. The fixed effects results suggest

that controlling for unobserved heterogeneity further reduces the differen-

tials within the private sector. The public sector premium, however, is

hardly reduced at all.

The results from the first difference estimator are similar to those from

the fixed effects estimator. Wooldridge (2002) notes that this suggests the

strict exogeneity assumption is correct. The first differenced results also in-

dicate that a significant premium remains for those in public sector employ-

ment, relative to private, regular employment, and that the private sector

9Table 2.11 contains the results of pairwise F tests for the equality of the coefficients
on the different types of employment for the fixed effects regression.
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union premium is much lower than in the OLS regressions, where it was

estimated to be around 65 percent, and is not significantly different from

zero.

The small union premium in the private sector is an important finding, as

it suggests that the larger union premium in the cross-sectional results may

actually be a quality effect, and that union members earn higher wages than

non-union members in private employment because they are (unobservably)

more productive. In this interpretation, unions are playing a positive role,

allowing higher quality workers to capture returns to their human capital.

It is also possible, however, that firms are responding to unionisation and

a concomitant rise in wage rates, by increasing their capital stock, lowering

their labour usage and hiring the higher quality workers necessary to utilise

the increased capital. This is a decidedly less positive interpretation, but

unfortunately it is not possible to distinguish between these explanations

using the KIDS data.

I noted above that there is substantial movement into and out of union

membership, which should allow for the identification of the union effect in

both the fixed effects and differenced estimators. This requirement of move-

ment means that panel estimators rely on those observed more than once to

identify the regression coefficients. Those only observed once are excluded.

As a simple robustness check, it is helpful to determine whether the pooled

cross-sectional results also hold for the sub-sample of individuals observed

more than once. The last column in Table 2.12 shows the key OLS results

are indeed similar in the reduced sample, and does not suggest that the

fixed effects or first differenced estimates are a result of the smaller sample

of earners observed more than once. I now explore some other potential

sources of bias in my estimates.
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2.4.4 Measurement Error and Panel Data

Measurement error is of concern in any data set, and this can be more prob-

lematic in panel data (Deaton 1997). A well-known result from econometric

theory is that measurement error in the independent variable results in at-

tenuation bias, meaning that coefficients of the independent variables are

biased towards zero. Following Cameron and Trivedi (2005, pg. 905), the

effects of measurement error in panel data can be illustrated using a model

with a scalar regressor:

yit = αi + x∗itβ + µit. (2.4)

αi is the individual unobserved fixed effect, x∗ is measured with error and I

observe x, with xit = x∗it + υit. If I use a first difference estimator then

∆yit = β∆x∗it + ∆µit (2.5)

= β∆xit + ∆µit − β∆υit. (2.6)

If I define ρ=Cor(x∗it, x
∗
i,t−1), then it can be shown that

plimβ̂ = β + (plim
1

N

N∑
i=1

∆xit
2)

−1

plim
1

N

N∑
i=1

(∆xit∆µit − β∆xitυit) (2.7)

= β − βσ2
υ

(1− ρ)σ2
x∗ + σ2

υ

. (2.8)

This inconsistency is larger than in the cross-sectional case when ρ > 0. It is

also clear from equation (2.8) that as ρ→ 1 the inconsistency becomes large.

KIDS has longer periods between waves than many other panel surveys, with

five years between the first two waves and six years between the second and

33



third waves. This would help to alleviate attenuation bias, if the independent

variable changes by a larger amount compared to panels with shorter periods

between waves, as this would lower the value of ρ.

I noted above the large decline in the union premium when using the

fixed effects and first difference estimators and gave two possible economic

explanations. This could also be attributed to measurement error in sector

of employment, however, and the resultant attenuation bias. As a further

robustness check, longer differencing periods can reduce the effects of at-

tenuation bias and help to determine how serious the bias is in the first

difference results (Griliches and Hausman 1986). The KIDS is a three-wave

panel, and hence the maximum differencing possible allows for a second dif-

ference estimator. If measurement error was driving my results then I would

expect to see larger coefficients in the second difference estimator than in

the first difference. Table 2.10 shows the sector coefficients in the second

difference results are generally not significant, most likely as a result of the

small sample, but that they are not universally larger than the fixed effects

and first difference coefficients. In fact, the private sector union premium is

lower in the second difference regression than the first difference regression,

and is in fact negative, implying that my low estimate of the premium is

unlikely to be the result of measurement error10.

2.4.5 Asymmetry of Sectoral Movement Effects

When using panel estimators, the earnings change of moving into sector A

from sector B and of moving into sector B from sector A are constrained to

be the same. Movement between sectors is assumed to be exogenous and

10Butcher and Rouse (2001) show that ignoring controls for industry inflates the union
premium. My estimates do not control for industry and can thus be thought of as the
maximum estimate of the union premium, assuming I have controlled for other potential
biases.
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not to be determined by individual characteristics. There may, however,

be asymmetric effects resulting from movement that is not exogenous. I

focus here on the large public sector earnings premium I found even after

controlling for unobserved individual time invariant heterogeneity. The first

column in Table 2.13 uses a first difference estimator to estimate earnings

differentials but excludes those who move out of the public sector. These

results are similar to the full sample, shown in column two of Table 2.10.

Column two shows the results excluding those who enter the public sector,

which are radically different, with no significant public sector premium11.

Columns three, four and five repeat the analysis combining unionised and

non-unionised public sector workers, and the same result obtains.

These dramatic results suggest a simple informal model of public sector

employment. One could assume two broad types of individuals in the pop-

ulation, low and high ability types, who both have some chance of gaining

entry to public sector employment, perhaps because of poor screening of

applicants or nepotism. If public sector pay is not determined by ability

and if being fired from the public sector is very difficult then low ability

workers may manage to enter public employment, knowing that finding bet-

ter paying employment in the private sector is not possible. As a result

low ability workers would stay in the public sector for as long as possible,

earning a premium while they did so. High ability workers’ earnings could

be matched or exceeded if they received a job offer in the private sector,

meaning they are the only type who leave public sector employment. This

simple model would explain the lack of a drop in earnings for those exiting

the public sector, as well as the large earnings premium for those who enter

the public sector from private employment.

11A similar analysis for the union effect in the private sector produces no asymmetric
effect.
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2.4.6 The effects of the tax system

Up until this point I have focused on individuals’ net earnings. The KIDS

asked all those in regular employment to report both net and gross pay (the

self-employed and those classified as casual workers both in the survey and

in this chapter were only asked about gross pay or profit). Tables 2.14 and

2.15 show OLS, and fixed effects and differenced estimates respectively, using

gross pay for those who were asked about it and reported it. The results

are similar to those using net pay in Tables 2.7 and 2.10, though there are

now larger differences between self and casual employment and the other

categories where gross and net pay differ. The union premium in the private

sector is much larger and significant, however, when using gross pay in the

regressions that control for unobserved heterogeneity. This suggests that

unions increase the cost to private firms more than they increase returns for

workers.

2.4.7 Further Robustness Checks

As a final set of robustness checks I report OLS and fixed effects regressions

dividing the sample by gender. Table 2.16 shows that the key results when

separating the sample into men and women are preserved. The ranking of

sectors is roughly the same for the full sample, although women are seen to

be much worse off in self-employment compared to men. The union premium

in the private sector is again dramatically lowered when estimated using the

fixed effects panel estimator for both men and women.
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2.5 Addressing Attrition

Non-random attrition may be a source of bias when estimating earnings dif-

ferentials using panel data. In this section I model attrition at an individual

level and then use two different attrition correction methods to correct the

results from the pooled cross section and the difference estimators. The

pooled cross section can be corrected using Inverse Probability Weighting

(IPW) and the difference estimator regressions can be corrected using a

Heckman selection correction, following Wooldridge (2002).

2.5.1 Modeling Attrition

I model attrition as a binary variable sit that takes a value of one if the

individual exits the sample at time t, after appearing in the sample at time

t − 1, and is zero otherwise. sit is a function of individual, household and

community characteristics that are represented by the vector wit:

sit = 1[witδ + υit > 0]. (2.9)

Tables 2.18 and 2.19 in the Appendix to this chapter12 show the results

of three probit models of individual attrition. The first column uses 1993

characteristics of individuals themselves, as well as characteristics of their

households and communities, to predict whether individuals exit the sample

in 1998, the second wave of the panel. The second uses the same character-

istics to predict attrition in 2004. The third column uses characteristics of

all those present in 1998 (including new household members not present in

1993) to predict attrition in 2004.

The results in the first column suggest that both elderly household mem-

12The second table reports the last half of the regression results from the first table due
to the large number of explanatory variables.
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bers and the very young, the omitted category, are least likely to exit in 1998.

Attrition is also found to be less likely for resident household members and

for males. Those in private sector regular unionised employment were also

less likely to exit the sample. No-one in any other category of employment

or the unemployed were significantly more likely to exit compared to the

omitted category, which was those not in the labour force. Core members

are also significantly less likely to exit, as the descriptive analysis in Section

2.3 also showed, and is indicative of the tracking methodology by which

households that split were tracked if these contained core members. Indi-

viduals in larger households were less likely to exit, possibly reflecting lower

mobility and broader ties to the community of larger households (Maluccio

2000). Per capita income was not a significant predictor of household at-

trition, as being in any of the highest four income quintiles in 1993 did not

make one more likely to have attrited by 1998 than individuals in the lowest

quintile. Individuals whose households were located in the former homeland

of KwaZulu were significantly less likely to exit than those who lived in the

former province of Natal.

The results from the third column, modelling individual attrition in 2004

using 1998 individual, household and community characteristics, are simi-

lar to those using 1993 characteristics to predict attrition in 1998. Again,

younger members are less likely to exit, as are resident members, core mem-

bers and individuals in larger households. The income level of the individ-

ual’s household does not seem to influence the likelihood of attrition, and

neither does the individual’s level of education. Unlike attrition between the

first two waves, the third column indicates that males are more likely to exit

than females. Community level variables that might be thought to influence

attrition, for example high levels of reported HIV/AIDS or violence, seem
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not to affect the probability of an individual exiting the sample.

Despite this, community dummies (not shown) are found to be strongly

significant in many instances across all three models of attrition, indicating

possible unobserved community level shocks that influenced large numbers

of households to move from some communities. Some examples of this are

listed in Maluccio (2000), who describes two communities located on private

farms in the former province of Natal, which both seem to have had high

attrition rates, in one case as a result of the farm going bankrupt. The

community dummies are introduced to control for these types of unobserved

community-wide shocks or characteristics.

The second column of Tables 2.18 and 2.19 shows a model of attrition

by 2004 on the characteristics of those observed in 1993. Notable differences

are that those in the highest four household per capita income quintiles

are more likely to attrite compared to the bottom quintile, with the higher

income quintiles associated with a higher probability of attrition. Individual

education levels are positively associated with attrition. This may suggest

that the process generating attrition is linked to movement associated with

income opportunities over the longer term. Again, the very young and old

are least likely to exit the sample.

2.5.2 Correcting for Possible Attrition Bias

In Section 2.4 individual earnings were modeled as

yit = αi + x
′
itβ + εit. (2.10)

In correcting for possible attrition bias in the pooled cross section Inverse

Probability Weighting relies on the so-called “ignorability” assumption (Wooldridge
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2002):

P (sit = 1|yit, xit, wi1) = P (sit = 1|wi1). (2.11)

Inverse Probability Weighting requires using the predicted probabilities

of exit from the sample from a model of attrition, for example the attrition

probit estimated above, and then weighting observations so that those that

have a higher predicted probability of attriting, but nevertheless stay in

the sample, are given a higher weight. These results are shown in the first

column of Table 2.12, and are not dramatically different from the uncor-

rected results. An optimistic interpretation of the results is that attrition is

not a serious concern. It could also indicate, however, that the ignorability

assumption has been violated, given the fairly low predictive power of the

variables in the attrition model.

In correcting for possible attrition bias in the differenced estimation, I

follow Wooldridge (2002) and assume joint normality of 4εit and νit, which

are the errors in the attrition and differenced earnings functions respectively,

strict exogeneity of xit and that selection does not depend on ∆xit once wit

has been controlled for. It can then be shown that

E(∆yit|∆xit, wit, sit = 1) = β∆xit + ρλ(witδ), (2.12)

where λ(witδ) is the inverse mills ratio from the attrition probit.

Table 2.17 shows the first and second differenced equations corrected for

attrition. The results again do not differ dramatically to the uncorrected

results. The key element of formality is again seen to be access to public sec-

tor employment, with union membership in the private sector not associated

with a significant premium compared to non-union workers.

A final robustness check on the results that correct for unobserved het-
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erogeneity is to use the first two waves and then the last two waves. This is

shown in the final two columns of Table 2.17. The results are similar to the

uncorrected and attrition corrected results.

2.6 Conclusion

In this chapter I have shown, using the KIDS data, that average wage differ-

entials for black South Africans across sectors of differing levels of formality

are vast. Observable human capital explains about 35 percent of the variance

of earnings, and substantial differences in earnings across different types of

employment remain after controlling for this human capital. There is a size-

able earnings premium for more formal employment, along the public sector

and unionisation dimensions of formality, when using OLS. Public sector

workers earn the most, with those in unions at an added advantage. Those

in private sector, regular employment are next in the ranking, with union

members again earning a premium. Those in casual and self-employment

are shown to be at a significant disadvantage compared to those in regular

employment.

The crucial question that I am able to answer using the panel dimen-

sion of KIDS is whether the large earnings differentials between jobs that

differ across various dimensions of formality are the result of unobservable

differences between individuals. Once I use panel estimators, to control

for unobservable time invariant heterogeneity, the differential between the

highest and lowest paid sectors is reduced to a two-and-a-half-fold difference.

The only substantial earnings premium found is for those in public sector

employment, the most formal of the employment categories I consider. In-

terestingly, I find that this premium is driven by those entering the public

sector, rather than those leaving it, and I outlined a very simple model of
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ability driving movement into and out of the public sector to explain this

result. I also find that the union premium in the private sector is reduced

substantially, suggesting that either unobservably higher quality individu-

als select into union membership, or that firms in which unions are active

attempt to mitigate higher wages by selecting employees more carefully. I

am unable to distinguish between these explanations with the KIDS data,

although I have shown that union membership raises the cost of an employee

to a firm more than it raises the net benefit to the employee. Attrition and

measurement error can bias results when using panel data but I have shown

my results are robust to these concerns.

My results suggest that the explanation for the large earnings differences

across different types of employment in South Africa is not found only in

human capital or only in institutions that create a segmented labour market.

Human capital differentials do provide an important part of the explanation

for earnings differentials, particularly within the private sector. I have also

shown, however, that access to employment in the public sector creates a

substantial earnings premium, even after unobserved heterogeneity is ac-

counted for. Trade unions are often claimed to be an institution that raise

wages and contribute to unemployment in South Africa. My conclusions in

this chapter are more equivocal, however, and I cannot rule out that trade

unions may play a more positive role in the labour market.
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Table 2.1: Median Hourly Earnings

1993 1998 2004
Median N Median N Median N

Employment Categories

Public Union 13.90 61 24.35 116 23.39 138
(9.73) (56.12) (77.80)

Public non-Union 10.77 100 18.27 96 17.96 41
(14.14) (42.16) (49.89)

Private Union 9.94 168 12.15 152 11.44 66
(10.90) (32.89) (38.19)

Private non-Union 4.04 459 6.55 300 8.59 126
(15.62) (16.65) (28.53)

Casual Employment 2.19 91 5.16 167 3.70 299
(4.58) (18.70) (8.73)

Self Employment 2.32 156 3.44 88 1.02 66
(29.11) (33.57) (5.26)

Frequency 1081 961 789

Standard Deviations in Parentheses. Earnings expressed in constant 2004 Rand.
Average Rand/ US Dollar exchange rate was 3.26 in 1993, 5.52 in 1998 and 6.46 in 2004

(International Monetary Fund 2009)

Table 2.2: Labour Force Participation and Unemployment

1993 1998 2004

Employed 1171 1065 1028
Labour Force Participants 1990 2118 1968
Unemployment Rate 41% 50% 48%

Source: Own calculations from KIDS.
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Table 2.3: Mean Weekly Hours Worked and Educational Attain-
ment (Years)

1993 1998 2004
Hours Educ Hours Educ Hours Educ

Employment Categories

Public Union 43.90 10.36 37.36 11.2 38.62 12.4
(10.97) (3.98) (16.97) (2.94) (16.16) (3.32)

Public non-Union 44.96 9.79 38.23 9.3 36.76 9.5
(14.83) (4.13) (18.44) (4.30) (18.49) (4.51)

Private Union 47.24 7.51 43.15 8.38 45.36 8.34
(11.10) (3.36) (13.28) (3.27) (15.19) (3.96)

Private non-Union 45.43 5.88 42.56 6.69 42.91 8.5
(15.57) (3.85) (14.89) (3.95) (18.76) (3.76)

Casual Employment 38.18 5.25 34.74 7.57 40.78 7.97
(17.35) (4.04) (19.35) (3.82) (20.20) (4.04)

Self Employment 35.46 5.62 48.16 6.16 39.05 8.28
(25.28) (3.79) (27.39) (3.87) (24.01) (3.79)

Frequency 1081 961 789

Standard Deviations in Parentheses. Source: own calculations from KIDS.

Table 2.4: Household Attrition Descriptive Statistics

1993 1998 2004
ResurveyedAttrited ResurveyedAttrited Full Sample

Correlates

HH Size 7.56 5.55 8.65 5.15 6.96
(4.17) (3.46) (4.54) (3.22) (4.07)

Per cap Income 178.25 186.27 291.88 523.64 459.14
(241.87) (254.85) (516.24) (719.70) (1280.90)

Rural 0.73 0.81 0.77 0.65 0.77
(0.44) (0.39) (0.42) (0.48) (0.42)

Own house 0.84 0.77 0.92 0.69 0.90
(0.36) (0.42) (0.27) (0.47) (0.30)

Frequency 964 175 752 248 1211

Standard Deviations in Parentheses. Source: own calculations from KIDS.
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Table 2.5: Individual Attrition Descriptive Statistics

1993 1998 2004
ResurveyedAttrited ResurveyedAttrited Full Sample

Full Sample

Age 23.31 22.50 26.53 24.34 24.26
(18.94) (16.14) (19.30) (16.45) (18.68)

Male 0.47 0.47 0.46 0.49 0.47
(0.50) (0.50) (0.50) (0.50) (0.50)

Married 0.24 0.25 0.19 0.17 0.15
(0.43) (0.43) (0.39) (0.38) (0.36)

Year of Educ 4.62 5.14 5.53 6.17 6.38
(4.06) (4.17) (4.25) (4.31) (4.42)

Frequency 6334 1924 6507 2688 8318

Earner Sample

Age 37.80 34.15 39.89 37.57 38.13
(11.97) (11.69) (11.40) (10.69) (11.16)

Male 0.52 0.48 0.47 0.55 0.49
(0.50) (0.50) (0.50) (0.50) (0.50)

Married 0.60 0.57 0.49 0.53 0.42
(0.49) (0.50) (0.50) (0.50) (0.49)

Year of Educ 6.54 6.62 7.54 8.10 8.93
(4.18) (4.03) (4.09) (3.93) (4.25)

Frequency 737 239 526 354 750

Standard Deviations in Parentheses. Source: own calculations from KIDS.

Table 2.6: Earner Sample Summary Statistics

1993 1998 2004

Age 36.90 38.96 38.13
(12.00) (11.17) (11.16)

Male 0.51 0.50 0.49
(0.50) (0.50) (0.50)

Married 0.60 0.50 0.42
(0.49) (0.50) (0.49)

No Educ 0.16 0.09 0.07
(0.37) (0.29) (0.25)

Some Primary 0.30 0.25 0.19
(0.46) (0.43) (0.39)

Completed Primary 0.10 0.09 0.07
(0.30) (0.29) (0.26)

Some Secondary 0.31 0.33 0.34
(0.46) (0.47) (0.47)

Completed Secondary 0.09 0.19 0.20
(0.28) (0.39) (0.40)

Frequency 976 880 750

Standard Deviations in Parentheses. Source: own calculations from KIDS.
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Table 2.7: OLS earnings functions
93 98 04 pooled IO

(1) (2) (3) (4) (5)

Age 0.064 0.039 0.065 0.062 0.056
(0.018)∗∗∗ (0.023)∗ (0.019)∗∗∗ (0.01)∗∗∗ (0.01)∗∗∗

Age2 -.0006 -.0003 -.0007 -.0006 -.0006
(0.0002)∗∗∗ (0.0003) (0.0002)∗∗∗ (0.0001)∗∗∗ (0.0001)∗∗∗

Incomplete prim educ 0.26 0.527 0.222 0.302 0.227
(0.091)∗∗∗ (0.166)∗∗∗ (0.193) (0.085)∗∗∗ (0.073)∗∗∗

Complete prim educ 0.442 0.791 0.382 0.504 0.4
(0.117)∗∗∗ (0.178)∗∗∗ (0.258) (0.107)∗∗∗ (0.095)∗∗∗

Incomplete sec educ 0.691 1.073 0.558 0.738 0.547
(0.104)∗∗∗ (0.18)∗∗∗ (0.211)∗∗∗ (0.104)∗∗∗ (0.076)∗∗∗

Complete sec educ 0.884 1.422 0.822 1.040 0.73
(0.18)∗∗∗ (0.216)∗∗∗ (0.219)∗∗∗ (0.134)∗∗∗ (0.108)∗∗∗

Tertiary educ 1.515 1.731 1.429 1.537 1.063
(0.154)∗∗∗ (0.255)∗∗∗ (0.253)∗∗∗ (0.127)∗∗∗ (0.116)∗∗∗

Married 0.178 -.131 0.113 0.061 0.053
(0.075)∗∗ (0.085) (0.09) (0.047) (0.047)

Male 0.439 0.316 0.124 0.299 0.252
(0.075)∗∗∗ (0.069)∗∗∗ (0.076) (0.042)∗∗∗ (0.039)∗∗∗

Public Union 0.615 0.977 0.947 0.896 0.69
(0.16)∗∗∗ (0.116)∗∗∗ (0.142)∗∗∗ (0.09)∗∗∗ (0.081)∗∗∗

Public non-Union 0.444 0.808 0.869 0.664 0.486
(0.111)∗∗∗ (0.144)∗∗∗ (0.177)∗∗∗ (0.083)∗∗∗ (0.069)∗∗∗

Private Union 0.517 0.504 0.456 0.506 0.278
(0.109)∗∗∗ (0.134)∗∗∗ (0.141)∗∗∗ (0.088)∗∗∗ (0.067)∗∗∗

Casual Employment -.452 -.147 -.325 -.283 -.246
(0.13)∗∗∗ (0.13) (0.093)∗∗∗ (0.065)∗∗∗ (0.062)∗∗∗

Self employment -.449 -.144 -.849 -.463 -.375
(0.159)∗∗∗ (0.193) (0.177)∗∗∗ (0.099)∗∗∗ (0.098)∗∗∗

Const. -.605 -.080 -.141 -.537 -.353
(0.338)∗ (0.521) (0.449) (0.227)∗∗ (0.222)

Obs. 976 880 750 2606 2606
R2 0.347 0.36 0.428 0.381 0.421

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. All variables are dum-
mies except age variables. Reference categories are no education and private non-union
employment. The IO column adds industry and occupation controls to the pooled data.
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Table 2.10: Fixed Effects and Differenced earnings functions
Fixed Effects First Difference Second Difference

(1) (2) (3)

Age 0.083 0.064 -.369
(0.042)∗∗ (0.043) (0.32)

Age2 -.001 -.0009 0.003
(0.0005)∗∗ (0.0005)∗ (0.003)

Public Union 0.654 0.488 0.391
(0.167)∗∗∗ (0.157)∗∗∗ (0.359)

Public non-Union 0.484 0.352 0.753
(0.16)∗∗∗ (0.166)∗∗ (0.401)∗

Private Union 0.169 0.125 -.033
(0.095)∗ (0.099) (0.233)

Casual Employment -.207 -.271 -.407
(0.116)∗ (0.122)∗∗ (0.268)

Self employment -.108 -.129 -.274
(0.166) (0.179) (0.269)

1998 Year Dummy 0.411 0.547
(0.104)∗∗∗ (0.109)∗∗∗

2004 Year Dummy 0.289
(0.194)

Const. 0.184 -.098 -.793
(0.9) (0.137) (0.264)∗∗∗

Obs. 1154 619 125
R2 0.109 0.089 0.103

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Reference employment
category is private non-union employment.

Table 2.11: F tests of equality of sectoral coefficients from
Fixed Effects Regression

Labour Market Status regpubNU regprivU casual selfemp

regpubU 0.99 8.58 22.65 13.23
(0.32) (0.003) (0.000) (0.000)

regpubNU 4.09 14.05 7.75
(0.04) (0.000) (0.005)

regprivU 9.05 2.81
(0.002) (0.09)

casual 0.16
(0.686)

Notes: p values are in parenthesis. NU indicates non-union and U indicates union.
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Table 2.12: IPW and OLS earnings functions
IPW Stayers
(1) (2)

Age 0.073 0.067
(0.016)∗∗∗ (0.019)∗∗∗

Age2 -.0008 -.0007
(0.0002)∗∗∗ (0.0002)∗∗∗

Incomplete prim educ 0.306 0.374
(0.078)∗∗∗ (0.096)∗∗∗

Complete prim educ 0.56 0.611
(0.105)∗∗∗ (0.123)∗∗∗

Incomplete sec educ 0.677 0.811
(0.08)∗∗∗ (0.098)∗∗∗

Complete sec educ 1.015 1.196
(0.102)∗∗∗ (0.125)∗∗∗

Tertiary educ 1.474 1.471
(0.158)∗∗∗ (0.159)∗∗∗

Married 0.092 0.043
(0.057) (0.066)

Male 0.241 0.285
(0.05)∗∗∗ (0.061)∗∗∗

Public Union 0.881 0.927
(0.103)∗∗∗ (0.114)∗∗∗

Public non-Union 0.732 0.743
(0.091)∗∗∗ (0.111)∗∗∗

Private Union 0.523 0.473
(0.064)∗∗∗ (0.087)∗∗∗

Casual Employment -.336 -.224
(0.07)∗∗∗ (0.088)∗∗

Self employment -.439 -.138
(0.114)∗∗∗ (0.094)

Const. -.674 -.624
(0.299)∗∗ (0.388)

Obs. 2229 1131
R2 0.372 0.353

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. The first
column corrects for attrition in OLS using IPW. The second shows the

OLS results for the sub-sample of earners who are observed in more than
one wave.
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Table 2.13: First Differenced earnings functions excluding
movers into, and out of, Public Sector Employment

Exclout Exclinto Pub PubExclout PubExclinto
(1) (2) (3) (4) (5)

4 age 0.045 0.044 0.048 0.046 0.043
(0.042) (0.044) (0.042) (0.042) (0.044)

4 agesq -.0007 -.0005 -.0007 -.0007 -.0005
(0.0004)∗ (0.0004) (0.0004)∗ (0.0004)∗ (0.0004)

4 pubunionD 0.423 0.155
(0.183)∗∗ (0.209)

4 pubnonunionD 0.462 0.039
(0.195)∗∗ (0.196)

4 publicD 0.32 0.335 0.031
(0.122)∗∗∗ (0.157)∗∗ (0.174)

4 privunionD 0.107 0.144
(0.116) (0.12)

4 casearner1 -.296 -.170 -.304 -.342 -.215
(0.119)∗∗ (0.119) (0.11)∗∗∗ (0.113)∗∗∗ (0.113)∗

4 selfearner -.155 -.181 -.177 -.182 -.204
(0.159) (0.171) (0.156) (0.158) (0.169)

cons -.019 -.222 -.084 -.002 -.202
(0.147) (0.148) (0.139) (0.146) (0.148)

Obs 585 570 628 585 570
R2 0.076 0.062 0.079 0.072 0.059

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels.
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Table 2.14: OLS gross hourly earnings
93 98 04 Pooled

(1) (2) (3) (4)

Incomplete prim educ 0.396 0.534 0.256 0.381
(0.143)∗∗∗ (0.18)∗∗∗ (0.2) (0.108)∗∗∗

Complete prim educ 0.53 0.789 0.361 0.535
(0.168)∗∗∗ (0.186)∗∗∗ (0.266) (0.121)∗∗∗

Incomplete sec educ 0.836 1.088 0.62 0.824
(0.142)∗∗∗ (0.18)∗∗∗ (0.225)∗∗∗ (0.12)∗∗∗

Complete sec educ 1.072 1.526 0.819 1.149
(0.228)∗∗∗ (0.227)∗∗∗ (0.24)∗∗∗ (0.163)∗∗∗

Tertiary educ 1.720 1.840 1.472 1.659
(0.18)∗∗∗ (0.265)∗∗∗ (0.314)∗∗∗ (0.159)∗∗∗

Married 0.268 -.067 0.113 0.113
(0.095)∗∗∗ (0.094) (0.092) (0.05)∗∗

Male 0.422 0.32 0.221 0.323
(0.087)∗∗∗ (0.074)∗∗∗ (0.086)∗∗ (0.05)∗∗∗

Age 0.07 0.073 0.042 0.071
(0.023)∗∗∗ (0.031)∗∗ (0.023)∗ (0.015)∗∗∗

Age2 -.0007 -.0008 -.0004 -.0008
(0.0003)∗∗∗ (0.0004)∗∗ (0.0003) (0.0002)∗∗∗

Public Union 0.776 0.982 1.280 1.084
(0.179)∗∗∗ (0.131)∗∗∗ (0.156)∗∗∗ (0.099)∗∗∗

Public non-Union 0.652 0.92 0.818 0.799
(0.136)∗∗∗ (0.151)∗∗∗ (0.226)∗∗∗ (0.098)∗∗∗

Private Union 0.602 0.56 0.462 0.579
(0.114)∗∗∗ (0.136)∗∗∗ (0.141)∗∗∗ (0.094)∗∗∗

Casual Employment -.359 -.317 -.512 -.389
(0.146)∗∗ (0.146)∗∗ (0.085)∗∗∗ (0.081)∗∗∗

Self employment -.429 -.318 -1.083 -.541
(0.172)∗∗ (0.197) (0.187)∗∗∗ (0.11)∗∗∗

Const. -.878 -.586 0.362 -.779
(0.429)∗∗ (0.625) (0.478) (0.313)∗∗

Obs. 916 821 632 2369
R2 0.332 0.41 0.501 0.418

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Reference categories are
no education and private non-union employment.
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Table 2.15: Fixed Effects and Differenced earnings functions us-
ing gross earnings

Fixed Effects First Difference Second Difference
(1) (2) (3)

Age 0.107 0.112 -.391
(0.047)∗∗ (0.04)∗∗∗ (0.371)

Age2 -.001 -.001 0.003
(0.0005)∗∗ (0.0006)∗∗ (0.004)

Public Union 0.769 0.613 0.659
(0.138)∗∗∗ (0.158)∗∗∗ (0.365)∗

Public non-Union 0.513 0.334 0.969
(0.161)∗∗∗ (0.189)∗ (0.494)∗∗

Private Union 0.307 0.319 0.56
(0.106)∗∗∗ (0.161)∗∗ (0.33)∗

Casual Employment -.212 -.236 -.173
(0.15) (0.176) (0.279)

Self employment -.158 -.128 0.214
(0.179) (0.206) (0.503)

1998 Year Dummy 0.479 0.853
(0.127)∗∗∗ (0.179)∗∗∗

2004 Year Dummy 0.238
(0.2)

Const. -.337 -.238 -1.200
(0.949) (0.183) (0.322)∗∗∗

Obs. 1035 550 102
R2 0.141 0.123 0.106

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Reference employment
category is private non-union regular employment.
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Table 2.16: Male and female regressions
OLS Female OLS Male Fixed Effects Female Fixed Effects Male

(1) (2) (3) (4)

Age 0.053 0.069 0.073 0.138
(0.015)∗∗∗ (0.015)∗∗∗ (0.043)∗ (0.042)∗∗∗

Age2 -.0005 -.0007 -.0005 -.002
(0.0002)∗∗∗ (0.0002)∗∗∗ (0.0005) (0.0005)∗∗∗

Incomplete prim educ 0.142 0.465
(0.095) (0.096)∗∗∗

Complete prim educ 0.482 0.525
(0.12)∗∗∗ (0.121)∗∗∗

Incomplete sec educ 0.708 0.775
(0.094)∗∗∗ (0.097)∗∗∗

Complete sec educ 0.994 1.078
(0.114)∗∗∗ (0.115)∗∗∗

Tertiary educ 1.567 1.399
(0.142)∗∗∗ (0.165)∗∗∗

Married 0.007 0.069
(0.058) (0.068)

Public Union 0.971 0.831 0.631 0.676
(0.118)∗∗∗ (0.1)∗∗∗ (0.258)∗∗ (0.214)∗∗∗

Public non-Union 0.75 0.557 0.523 0.419
(0.112)∗∗∗ (0.106)∗∗∗ (0.227)∗∗ (0.225)∗

Private Union 0.411 0.536 0.104 0.16
(0.098)∗∗∗ (0.08)∗∗∗ (0.183) (0.152)

Casual Employment -.244 -.353 -.328 -.083
(0.077)∗∗∗ (0.08)∗∗∗ (0.155)∗∗ (0.168)

Self employment -.528 -.339 -.047 -.206
(0.08)∗∗∗ (0.094)∗∗∗ (0.242) (0.194)

Const. -.301 -.431 -.372 -.792
(0.291) (0.292) (0.879) (0.853)

Obs. 1300 1306 546 623
R2 0.42 0.328 0.093 0.077

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Year dummies are in-
cluded but not reported. Reference employment category is private non-union regular
employment.
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Table 2.17: Attrition Corrected Differenced earnings functions
First Diff Second Diff FirstDiff 93 98 FirstDiff 98 04

(1) (2) (3) (4)

Age 0.055 -.434 0.05 -.010
(0.029)∗ (0.318) (0.062) (0.044)

Age 2 -.0007 0.004 -.0009 0.00005
(0.0004)∗∗ (0.003) (0.0005)∗ (0.0005)

Public Union 0.438 0.473 0.392 0.641
(0.158)∗∗∗ (0.343) (0.181)∗∗ (0.242)∗∗∗

Public non-Union 0.294 1.067 0.133 0.778
(0.169)∗ (0.437)∗∗ (0.207) (0.257)∗∗∗

Private Union 0.097 0.028 0.088 0.251
(0.13) (0.235) (0.138) (0.166)

Casual -.265 -.281 -.138 -.345
(0.133)∗∗ (0.314) (0.211) (0.131)∗∗∗

Self employed -.176 -.421 -.147 -.121
(0.187) (0.243)∗ (0.228) (0.319)

1998 Year Dummy 0.619
(0.158)∗∗∗

lambda9898 -.205
(0.106)∗

lambda0404 0.328
(0.092)∗∗∗

lambda93930404 -.390
(0.6)

Obs. 594 110 413 215
R2 0.098 0.15 0.03 0.088

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. All variables are dum-
mies except age variables. Reference employment category is private non-union regular
employment.
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Table 2.18: Individual Attrition Probit regressions
Attrition 93-98 Attrition 98-2004 Attrition 93-2004

(1) (2) (3)

Age 13-19 0.116 0.324 0.114
(0.059)∗ (0.059)∗∗∗ (0.052)∗∗

Age 22-30 0.305 0.282 0.07
(0.068)∗∗∗ (0.067)∗∗∗ (0.057)

Age 31-50 0.141 0.231 0.014
(0.08)∗ (0.072)∗∗∗ (0.069)

Age 51-64 0.104 0.172 -.099
(0.102) (0.113) (0.092)

Age 65+ -.178 0.057 -.290
(0.1)∗ (0.099) (0.09)∗∗∗

Male -.061 0.044 0.025
(0.032)∗ (0.032) (0.03)

Married 0.203 0.126 0.08
(0.066)∗∗∗ (0.071)∗ (0.055)

Resident Dummy -.177 -.255 -.088
(0.069)∗∗ (0.062)∗∗∗ (0.063)

Employed 0.089 -.032 0.05
(0.083) (0.085) (0.076)

Public Union -.322 0.077 -.326
(0.238) (0.157) (0.199)

Public non-Union -.225 0.336 0.003
(0.189) (0.169)∗∗ (0.157)

Private Union -.334 0.137 -.077
(0.156)∗∗ (0.141) (0.131)

Private non-Union -.013 0.17 0.01
(0.111) (0.114) (0.102)

Casual Employment 0.003 0.194 0.152
(0.14) (0.134) (0.132)

Self employment -.187 0.067 -.045
(0.13) (0.137) (0.106)

Incomplete prim educ -.051 -.107 0.135
(0.046) (0.046)∗∗ (0.039)∗∗∗

Complete prim educ -.100 -.027 0.191
(0.078) (0.073) (0.067)∗∗∗

Incomplete sec educ 0.012 0.006 0.159
(0.062) (0.064) (0.055)∗∗∗

Complete sec educ -.037 0.021 0.194
(0.09) (0.084) (0.082)∗∗

Tertiary educ -.036 0.068 0.308
(0.189) (0.178) (0.163)∗

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Marginal effects are
reported. Regression is continued in Table 2.19.
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Table 2.19: Individual Attrition Probit regressions continued
Attrition 93-98 Attrition 98-2004 Attrition 93-2004

(1) (2) (3)

Core hh member -.478 -.563 -.406
(0.072)∗∗∗ (0.079)∗∗∗ (0.066)∗∗∗

Log(residents) -.301 -.456 -.399
(0.077)∗∗∗ (0.059)∗∗∗ (0.034)∗∗∗

Log(non-residents) -.019 -.075 -.044
(0.073) (0.059) (0.031)

Age of hh Head 0.003 0.0005
(0.003) (0.001)

HH head is female 0.011 0.025 -.018
(0.079) (0.07) (0.035)

Max educ level in hh -.002 -.006 -.031
(0.015) (0.018) (0.007)∗∗∗

HH has flush toilet 0.323 -.234 0.097
(0.221) (0.238) (0.118)

2nd income quintile 0.116 -.097 0.142
(0.108) (0.094) (0.044)∗∗∗

3rd income quintile 0.082 -.067 0.108
(0.116) (0.102) (0.047)∗∗

4th income quintile 0.095 -.046 0.117
(0.121) (0.105) (0.052)∗∗

5th income quintile 0.191 -.090 0.193
(0.136) (0.132) (0.065)∗∗∗

Community violence Dummy 0.102 0.199
(0.127) (0.056)∗∗∗

Rural area in 93 0.609 0.356 0.003
(0.266)∗∗ (0.472) (0.178)

Tarred road Dummy 0.189 -.211
(0.246) (0.176)

Old KwaZulu area -.635 0.029 -.547
(0.238)∗∗∗ (0.608) (0.255)∗∗

HH owns its house 0.002 -.073
(0.153) (0.064)

Obs. 8258 7654 8258

Notes: ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. Marginal effects are re-
ported. The omitted category is a single, female non-resident, non-labour force participant
with zero years of education and who is not a core member in a household in the lowest
income quintile, not owning the house the household lives in, without a flush toilet in a
community with no reported violence, no tarred roads and that was located in an urban
area in the old Natal province in the original 1993 survey.
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2.A Chapter Appendix

2.A.1 KIDS questionnaire

Defining the Household and Household Members in KIDS

The KIDS household roster included questions on age, gender, education

and relationships with other household members. To be considered part of

the household the criteria were that an individual

1. live under this ‘roof’ or within the same compound/homestead/stand at

least 15 days out of the past year,

2. shares food from a common source when members eat together (i.e. they

cook and eat together)

3. contributes to or share in, a common resource pool.

For the rest of the survey the questions were further limited to those indi-

viduals who had lived “under this roof for more than 15 days of the last 30

days,” in addition to criteria 2. and 3. above, to avoid any possible double

counting.

The 1998 KIDS follow up survey attempted to track households, includ-

ing those that moved between waves and those that split up, interviewing

all members of any households that contained core members of the 1993

households. Core members were those that satisfied any of 4 criteria: (i) a

self-declared head of household (from 1993)

(ii) resident spouse/partner of self-declared head of household (from 1993)

(iii) resident member in a three-generation household (from 1993) and all of

the following were true:

child, child-in-law, or niece/nephew of self-declared head;

at least 30 years old;

have at least one child resident in the household
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(iv) resident spouse/partner of individual satisfying criterion (iii).

A similar procedure was followed in the third wave in 2004 to track core

members in households that had split. One important difference, however,

was that in 2004 the panel was refreshed by also tracking next generation

households (which did not happen in 1998). Next generation households

were defined as those containing adult children of core members, who them-

selves have children. A second important difference was that children of core

members, less than 18 years of age, who were being taken care of in other

households were also tracked and interviewed. Household questionnaires

for these foster households were less detailed, and so these households are

excluded from my analysis.

Labour Market Module

The labour market section in all three surveys asked about employment sta-

tus for all household members. Further questions were asked to all household

members about regular, casual and various forms of self-employment. Reg-

ular employment was defined using the question “Does X have a regular job

for which he/she earned a salary in the past week?” Self employed profes-

sionals (lawyers, doctors etc) were included in this category, but less than

5 were captured in each survey. Casual employment was asked about using

the question “Did X do any casual or temporary work in the past month for

which he/she was paid in some way, for example, by being given money or

food?” Finally self-employment was asked about using the question “Apart

from the work that I have already talked about, did anyone in this household

do any other kind of work for an income in the past month? I am going to

read from a list of possibilities. As I read each one, please indicate whether
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or not it was a source of income for the household in the past month.” A

substantial list of possibilities was included, such as shop keeper, selling

things on the street, house building or driving a taxi.
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Chapter 3

A Model of Comparative

Advantage with Matching in

the Urban Tanzanian Labour

Market

3.1 Introduction

African labour market analysis has often emphasised average wage differ-

entials across sectors. A high-paying “protected” or formal sector that is

usually assumed to comprise unionised jobs in large firms and public sector

employment is assumed to exist together with a low paying “sink”, informal

or “murky” sector comprised of self-employment and wage employment in

unregistered small firms. A labour market with these characteristics has

been described as “segmented”, and much effort has been exerted in test-

ing whether labour markets in a variety of countries are indeed segmented.

In this chapter I suggest an alternative approach to modeling the Tanza-
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nian labour market and focus on the distinction between wage and self-

employment and the role of comparative advantage and individual hetero-

geneity in determining where to work and earnings in each of these sectors.

In this chapter I argue that describing the Tanzanian labour market as

segmented does not adequately capture some important empirical features

of this market. In Tanzania there are very large overlaps in the earnings

distributions for jobs traditionally considered to be in the formal and infor-

mal sectors. There is also a large variance in the distribution of earnings

within what has traditionally been considered the informal sector. These

facts require an explanation not to be found in segmented labour market

theories.

Economic theory suggests that a focus on the differences between self

and wage employment may be important for understanding the workings of

the labour market in low income countries like Tanzania with large amounts

of self-employment. In the recent search theory literature both ex-ante wage

posting and ex-post wage bargaining models suggest workers may earn less

than their marginal product due to the monopsony power of firms. Self-

employment, however, which is very common in urban Tanzania, does not

involve interaction with a firm and thus the self-employed can capture all the

returns to their labour and the return to any capital they have accumulated.

This is an important distinction which has not been captured in models of

African labour markets to date.

I use these theoretical and empirical insights to develop a matching model

of the urban labour market in Tanzania. In this model the productivity of

some individuals in wage employment is low relative to their self-employment

productivity. Variation in self-employment productivity generates an op-

portunity cost of wage employment that is increasing in self-employment
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productivity, thus incorporating insights about comparative advantage in

different sectors that date back to Roy (1951).

Section 3.2 reviews the literature on African labour markets, other de-

veloping countries and the recent literature on the role of sorting, compara-

tive advantage and heterogeneity, which has been explored in the developed

country context as well as in Latin America. Section 3.3 describes the data

I use in this chapter. Section 3.4 explores the data and how they speak to

different models of the Tanzanian labour market. In section 3.5 I develop

a model which captures some of the features presented in the empirical ex-

ploration. Section 3.6 explores how the numerical solution to the model

matches the empirical evidence and section 3.7 concludes.

3.2 Modeling African Labour Markets

Much of the recent work on African labour markets attempts to provide evi-

dence on whether or not labour markets are segmented, inspired by Fields’s

(1975) extension of the Harris and Todaro (1970) model of migration. In

the previous chapter I noted that public sector wage setting is an impor-

tant institution that generates earnings differentials in South Africa. But I

also argued that observed and unobserved human capital explains much of

the earnings differentials in employment outside the public sector. In this

chapter I use the insight that individual heterogeneity is an important de-

terminant of labour market outcomes to model the effects of comparative

advantage and sorting in the Tanzanian labour market, in the tradition of

Roy (1951). In this section I review the debate about wage differentials that

the Harris and Todaro (1970) model has generated as well as describing

alternative models of comparative advantage and sorting.
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3.2.1 Segmented Labour Markets

In the previous chapter I noted that the Harris and Todaro (1970) model

and the extension by Fields (1975) have provided the basis for much of the

empirical research on earnings determination in labour markets in Africa,

Latin America and in developing countries in other regions over the last 40

years.

Heintz and Posel (2008) and Badaoui et al. (2008) are two recent exam-

ples of papers testing for segmentation in South Africa that are representa-

tive of part of the debate that has occurred in the literature. Heintz and

Posel (2008) use cross-sectional evidence from South Africa and find large

wage differentials between the formal and informal sectors, using a definition

of informality suggested by the ILO that includes workers in informal en-

terprises as well as workers in informal jobs working for formal firms. This

leads them to conclude that the labour market is segmented between the

formal and informal sectors1. Badaoui et al. (2008), however, come to the

opposite conclusion using similar data from South Africa and the same def-

inition of informality, though their analysis is limited to men only, in order

that their results are not influenced by female labour force participation de-

cisions. The authors also exclude the self-employed and those in the public

sector to focus on the effects of informality on employees of profit maximis-

ing firms. They find that, although there is a difference in average earnings

in the formal sector and informal sector when using the cross-section and

controlling for observable human capital, there is no difference once they

take into account tax payments in the formal sector, as well as unobserved

heterogeneity, using the panel element of the data.

1They also suggest there are different types of informal employment, some of which
have higher barriers to entry, which means that within the informal sector there may be
different segments paying different wages on average.
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In the previous chapter I explored the determinants of earnings differen-

tials in the KIDS data from South Africa. I analysed the role of unions and

the public sector in generating the large earnings differentials across sectors

in South Africa. I also argued that observed and unobserved heterogeneity

did seem to play an important role in explaining earnings differentials. I use

this insight in this chapter and thus in the following section I explore the

more recent labour economics literature that emphasises the importance of

heterogeneity and the role of individual and job attributes in determining

earnings.

3.2.2 Moving away from the representative worker

In 2000 James Heckman was jointly awarded the Nobel Prize in economics

with Daniel McFadden, the first time the award had been given to individ-

uals working in microeconometrics. In the conclusion to his Nobel Prize

lecture Heckman explained the rapid evolution of microeconometrics in not-

ing that “[i]n the past half century, economics has been enriched by vast

new resources of microeconomic data. The data have opened the eyes of

economists to the diversity and heterogeneity of economic life” (Heckman

2001, pg. 734). The exploration of the implications of this heterogeneity for

economic theory, econometrics, and analysis of public policy continues and

much of Heckman’s Nobel lecture was devoted to summarising the frontier

of this research.

The importance of heterogeneity in economic life has stimulated research

in many areas of economics. In econometrics the explosion of the treatment

effects literature and the new tools developed to assess these effects has been

a response to the heterogeneity of responses to treatment that plagues esti-

mation of average treatment effects, which I explore in more detail in chapter
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four of this thesis. The heterogeneity in individuals’ choices of whether to

work and how much to work motivated Heckman’s early econometric work

on female labour supply (Heckman 1974). The low explanatory power of

human capital regressions is suggestive of the importance of unobserved in-

dividual heterogeneity. This observation has also led researchers to develop

models of the labour market which can generate wage differentials even with

identical workers (Mortensen 2003), as I explore in more detail in the next

section.

The focus on heterogeneity has also influenced the debate on segmen-

tation in developing countries in several ways. As I discussed above, the

importance of unobserved individual heterogeneity has been offered as an

alternative explanation of sectoral earnings differentials to segmentation,

partly as a result of the emergence of panel data in developing countries.

Bill Maloney has taken a slightly different tack, suggesting that the util-

ity of different jobs is affected by the unobserved characteristics of different

types of employment. Maloney (1999) argues that researchers should take

account of, or at least be aware of these unobserved characteristics, but that

in practice they have mostly failed to do this in studies arguing for or against

segmentation on the basis of earnings differentials. Maloney’s conclusion is

that “traditional earnings differentials cannot prove or disprove segmenta-

tion in the developing-country context” (Maloney 1999, pg. 275). Maloney

has also suggested an alternative method of testing for segmentation. He

argues that in a segmented labour market, movement between the formal

and informal sectors would be limited. If formal sector jobs could be held

for life (barring any bad conduct), as has been argued to be the case in

some Latin American countries, then there should be movement from the

informal sector to the formal sector but very little in the opposite direction.

66



Instead of thinking about a segmented labour market, Maloney (2004)

suggests that self-employment in the informal sector represents a viable al-

ternative to salaried work in the formal sector. This is as a result of the

low firm productivity in many developing countries and the benefit of being

one’s own boss. Maloney (2004) thus argues that workers’ sector choices

may represent the best outcomes possible given their low education levels.

This suggests a model of comparative advantage, similar in spirit to Roy

(1951), in which workers choose between salaried employment in a low pro-

ductivity firm and self-employment. I use this as the basis for my model of

the Tanzanian labour market.

As I emphasise in chapter four of this thesis, the returns to education

literature has been an area in which individual heterogeneity has been ac-

knowledged to be a crucial factor in assessing the importance of education

for individual earnings. This has led to the development of new econometric

techniques that attempt to generate consistent estimates of the returns to

education in the presence of individual heterogeneity.

As a result of the importance of the returns to education within labour

economics, and as a key parameter for policy makers, there is a body of liter-

ature attempting to estimate the returns to education in African economies.

Very little of this work, however, acknowledges any of the difficulties that in-

dividual heterogeneity creates in estimating an accurate return to education.

In a review of previous studies of the estimates of the return to education

in South Africa, for example, Keswell and Poswell (2004) do not include

any studies that use instrumental variables as a result of education being

endogenous and only one of the studies they review attempted to deal with

ability bias (Moll 1998) and then only by including a measure of cognitive

ability in the earnings function.
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There has been some research emphasising the role of individual hetero-

geneity in determining individual earnings in African economies. Sandefur

et al. (2007) show that the earnings distribution within different sectors has

a large variance and also that there is a substantial overlap of the sectoral

earnings distributions for Ghana, Tanzania and Ethiopia. Falco et al. (2011)

have subsequently shown that this overlap still holds even when controlling

for observable human capital. This analysis uses the Urban Panel Surveys

for Ghana and Tanzania, though this analysis is still in the context of explor-

ing sectoral differentials. There is also some research using manufacturing

firm and worker data that attempts to explore the role of individual, as well

as firm, heterogeneity in wage determination. Fafchamps et al. (2009) use

data on matched manufacturing firms and workers from 11 African coun-

tries to explore whether sorting across firms and occupations can explain the

return to education found in earnings regressions. Firm and occupational

controls lower the estimated returns to education leading the authors to con-

clude that sorting occurs; through individuals with higher education levels

both matching with more productive firms and being in more productive

occupations.

Despite the existence of some empirical research on the role of hetero-

geneity I have not come across a single theoretical model of African labour

markets that takes into account heterogeneity and comparative advantage.

This chapter attempts to address this lacuna and the following section ex-

plores the class of models I use to do this.

3.2.3 Equilibrium Search Models

In addition to the acknowledgement of the “diversity of economic life”, an-

other outcome of the collection of large amounts of micro data was the
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realisation that the frictionless competitive model of the labour market

could not explain many of the features these data suggested were impor-

tant (Mortensen and Pissarides 1999). This led to the emergence of equilib-

rium search and matching models that incorporated labour market frictions

and the necessity of search by both firms and workers. Important contribu-

tions to this literature have come from Peter Diamond, Dale Mortensen and

Christopher Pissarides, who were jointly awarded the 2010 Nobel Prize in

economics for their work.

Mortensen and Pissarides (1999) have noted there are two main areas of

theoretical research within the equilibrium search framework that have tra-

ditionally been employed to explain different sets of stylised facts. Matching

models with search and recruiting frictions have been used to explore the

flows of workers between employment, unemployment and non-participation

as well as job creation and destruction flows (Mortensen and Pissarides

1994). The second main area is the “wage posting” literature, which has

been used to explain the distribution of wages in an economy as the outcome

of a strategic game where firms post wages in a labour market with search

frictions (Burdett and Mortensen 1998)2.

In both matching and wage posting models, the labour market is assumed

to be characterised by search frictions for both workers and firms. Thus

information about profitable opportunities is not instantly available to all

agents in the economy, unlike in the frictionless competitive model. It takes

time, therefore, for workers to find firms with vacant jobs and for firms to

fill these jobs. In matching models the rate at which firms and workers

meet is modeled using a matching function, an aggregate representation

2Equilibrium search models with wage posting can generate different wages paid to
identical individuals (Mortensen 2003). Interestingly, Fields (2004) sees this reflecting the
influence of the earlier segmentation literature.
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of how many workers and firms match at any point in time (Cahuc and

Zylberberg 2004). In matching models, search frictions imply that firms

have monopsony power over the workers they meet, and can exploit this

to pay workers less than their marginal product. Firms and workers are

assumed to bargain over the wage based on the value of the match created

by the firm and worker, where the value may vary across matches if firms

or workers are heterogeneous.

Recent research has used the equilibrium search framework in a number

of ways to explain features of developing country labour markets. Satchi

and Temple (2009) develop a macro matching model of the Mexican labour

market where individuals choose employment in either the rural, urban for-

mal or urban informal sectors. The model allows for the presence of frictions

in the formal sector and assumes their absence in the informal sector, which

helps to generate a realistically sized informal sector. They also assume,

however, that the level of informal sector productivity is similar to the for-

mal sector wage, which they argue is backed up in microeconometric studies

using Mexican survey data. This assumption has the effect of making the

frictionless informal sector more attractive and thus also larger. Because

theirs is a macro model, Satchi and Temple (2009) focus on average wage

differentials between sectors, as well as the relative size of the sectors. In-

dividuals, however, are still homogeneous and as a result wages are also

identical within sectors, implying that the model does not allow for any of

the heterogeneity Heckman (2001) has noted is so important. Thus whilst

it provides an explanation for the size of the informal sector, it cannot help

to explain the distribution of earnings.

Albrecht et al. (2009) build a two-sided search model of the Mexican

labour market based on the Mortensen and Pissarides (1994) matching
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model but allow for two sectors: the formal and informal sectors. This

model does help to explain the observed earnings distribution. Workers

differ in their formal sector productivity, which generates a distribution of

formal sector earnings, however, informal sector productivity and earnings

are assumed to be the same for all individuals. Informal sector productivity

is calibrated to be 70 percent of the average level of formal sector produc-

tivity, with 65 percent of the population assumed to be more productive

in the formal sector. The model thus sets up variation in the opportunity

cost of informal employment. Some individuals have a low opportunity cost

of informal sector employment as a result of their low productivity in the

formal sector. These individuals take up informal employment whilst more

productive individuals only accept formal employment opportunities. As a

result earnings are higher in the formal sector, which contradicts the as-

sertions of Satchi and Temple (2009), mentioned above, that earnings are

roughly similar in the two sectors.

The assumption of wage bargaining in the formal sector means individu-

als are not paid their marginal product. The model incorporates ideas from

Roy (1951) about comparative advantage in the labour market, but with

ability varying in only one of the sectors. I use this as a basis for the model

I build of the Tanzanian labour market but address some of its weaknesses,

including the lack of a distribution of earnings in one of the sectors.

3.2.4 Differing Conceptions of the Source and Characteris-

tics of the Informal Sector

The divergent models of segmentation and comparative advantage in devel-

oping countries have very different conceptions of the source and character-

istics of the informal sector. As regards characteristics, in Fields’s (1975)
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model the informal sector offers both low wages and hence low utility to

individuals who are unable to obtain a formal sector job. Wages are set

by bargaining with unions or by non-profit maximising public sector firms

in the formal sector. No individuals would prefer the low paying informal

sector in these models. By contrast models of comparative advantage as-

sume that there are different abilities required in each sector and that some

individuals are better at work in one sector than others. This means that

most people prefer to work in either one sector or the other.

In Satchi and Temple (2009) the informal sector and the formal sector

also differ in the levels of frictions. A justification for the assumed difference

in sectoral frictions is not provided by the authors. Zenou (2008) argues that

the informal sector is mostly comprised of self-employment where there can

be no matching with a firm and informal work for friends or relatives, in

which case co-ordination failures are much less likely to occur. He concludes

that frictions are likely to be much lower in the informal sector and that

this can be approximated by assuming there are no frictions in the informal

sector.

In the Albrecht et al. (2009) model, the formal sector differs from the in-

formal sector because there is wage bargaining in the formal sector, whereas

informal earnings are simply the common informal sector productivity. In

my model I take these distinctions to their logical conclusion by calling the

two sectors wage and self-employment, with workers choosing between them

based on their comparative advantage. Clearly, earnings determination dif-

fers between these two kinds of employment and the levels of frictions may

also differ. In the following section I show that a distinction between wage

and self-employment helps to make sense of the empirical evidence from

Tanzania.
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3.3 Data Sources

I use two sources of data from Tanzania in this chapter. The first is the

nationally representative 2001 and 2006 Integrated Labour Force Surveys

(ILFS) collected by the Tanzanian National Bureau of Statistics (NBS). I

also make use of the 2004 and 2005 rounds of the Tanzanian Urban Panel

Survey (TUPS) to explore individual movement between different types of

employment. The ILFSs collected detailed individual member and house-

hold information from households in both urban and rural Tanzania. Popu-

lation weights were calculated by NBS for each of the surveys but since the

survey weights for 2001 have not been released publicly by NBS I have not

weighted any of these data.

The TUPS data were collected by members of the Centre for the Study of

African Economies (CSAE) at the University of Oxford. They were collected

in the main urban centre of Tanzania and provide a small but representative

sample of workers from urban Tanzania. The 2004 round was an urban sub-

sample of those individuals surveyed by NBS for the 2000-2001 Household

Budget Survey (HBS) and the 2005 round attempted to re-interview those

interviewed a year before.

The Tanzanian UPS (along with a similar survey undertaken by CSAE

in Ghana) provide one of the few individual panel surveys in Africa. In-

formation was collected on both wage and self-employment, and thus the

TUPS provides evidence on individual movement between wage and self-

employment as well as between large and small firms and the public sector.

The survey did not track those who had moved or could not be found, re-

sulting in a 25 percent rate of attrition between 2004 and 2005, and implying

the sample may not be representative of the 2005 urban population. I do

not explore the effects of attrition in this chapter.
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3.3.1 Measurement error in ILFS earnings data

Self-employment income has been considered difficult to measure and is

thus often not collected in household surveys (Deaton 1997). Some recent

work using the TUPS has, however, used self-employment income to explore

the effects of experience, education and sector of employment on earnings

(Rankin et al. 2010). In this chapter I also use of self-employment earnings

data in Tanzania from the ILFSs and the TUPS.

In the Tanzanian ILFSs each survey first asked about gross income and

the expenses incurred to earn it in the period in question (either a week

or a month) for those engaged in self-employment. The surveys then asked

about net income for the business.

Subtracting expenses from gross income produces a net income value

in 2001 identical to the net income question asked directly, suggesting that

the Tanzanian National Bureau of Statistics (NBS) forced the equivalence

of these two measures in its post-survey cleaning. In 2006, however, the

direct question on net income yields radically different answers from those

calculated by taking gross income and subtracting expenses. The direct in-

come question yields self-employment incomes that are on average six times

higher than the measure using gross income and subtracting expenses.

The data from this income question also have some other problematic

features, such as the amounts reported for weekly earnings being higher

on average than those for monthly earnings, even before adjustment to

a common period. In addition, when comparing the 2001 earnings data

with inflation adjusted earnings in 2006 the direct income question in 2006

yields average increases in self-employment income over 5 years that are not

matched by increases for employees in either the private or public sector.

Further investigation revealed that NBS had again forced the equivalence
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of net income and gross income minus expenses by altering the net income

measure but without taking into account whether individuals reported the

net income or expenses figures as daily, weekly or monthly. This meant

that if individuals reported weekly net income but monthly gross income

and costs, which the survey instrument allowed, NBS forced the weekly net

income to equal the monthly gross income. This means that when I convert

net weekly income to a monthly figure I obtain an income figure much higher

than actual income. As a result I use gross income minus expenses as the

measure of self-employment income in both surveys.

Inflation makes comparison between the 2001 and 2006 surveys more dif-

ficult. A consumer price index (CPI) is collected monthly by the Tanzanian

National Bureau of Statistics but there have been concerns raised about the

accuracy of this index. I discuss deflating incomes in section 3.A.1 in the

Appendix to this chapter.

3.4 Evidence for distinguishing between Models of

the Tanzanian Labour Market

In this section I present empirical evidence from the Tanzanian labour mar-

ket in an attempt to discriminate between competing ways of modelling this

market. It is possible to think about the labour market as segmented, using

Fields’s (1975) update of the Harris and Todaro (1970) model, or to empha-

sise a comparative advantage model as first suggested by Roy (1951) and

recently explored by Albrecht et al. (2009) in a developing country context.
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3.4.1 Employment

I begin by exploring the distribution of employment in urban Tanzania in

Table 3.1, using the ILFS data for 2001 and 2006. Table 3.1 shows that

self-employment is the most common type of employment in urban Tanza-

nia. Over 80 percent of the self-employed are own account workers with the

remainder mostly employing a small number of employees: in 2001, condi-

tional on having paid employees, 85 percent of the self-employed had 5 or

fewer employees. Employment in the public sector is common and consti-

tuted 60 percent of urban wage employment in 2001, which is consistent

with a picture of a segmented labour market in which there is a substantial

amount of employment in firms that pay wages that are not profit max-

imising (though there is evidence that public sector employment declined

relative to the size of most other kinds of employment between 2001 and

2006). Table 3.1 also shows that agriculture is still fairly important even

within urban Tanzania.

The data show a substantial increase in the proportion of large firm

employees between 2001 and 2006. Part of this may be explained by the

change in the way firm size was captured in the two surveys. The 2006

ILFS survey only asked individuals whether the firm in which they worked

had less than 10 employees or 10 or more. Thus the measure of firm size

used is a crude one and I must assume any firm with 10 or more employees

is a “large” firm. The 2001 ILFS asked if an individual worked in a firm

with 1-5 employees, 5-10 and more than 10. I treat large firms in 2001

as those with more than 10 employees. Thus the definitions in 2001 and

2006 are not exactly comparable. This by itself does not seem to be a

sufficient explanation for the jump in the number of individuals reported

to be working for large firms between 2001 and 2006, however. It might be
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partly explained by different weightings used in each of the surveys but since

I have been unable to access the 2001 population weights I cannot confirm

this. My analysis suggests there are some issues of comparability between

the surveys but in the absence of detailed reports on these surveys and how

they were conducted, as well as surveys weights, it is difficult to explore this

in any further detail.

Table 3.1 also shows the extent to which those who have obtained high

levels of education obtain public sector employment. Over half of those

who are working and have completed O levels (11 years of education under

the new education system, 12 under the old) are working in the public

sector. Those unable to obtain O levels seem to be disadvantaged as regards

obtaining public sector employment, which I show in the next section is well

paid relative to other forms of employment in Tanzania.

3.4.2 Earnings

The main focus in testing for segmentation has been on whether earnings

differentials exists between sectors. Table 3.2 shows that median earnings

in the ILFS are low for those in self-employment with no employees and in

small firms, and are higher in large firms and the public sector, which seems

consistent with a segmented labour market hypothesis. Wage employees

were asked about their gross income in both ILFSs. It is not clear what im-

pact the non-payment of taxes would have on sectoral income differentials.

It is likely, though, that public sector workers paid tax but that small firm

employees and the self-employed did not. Median earnings are also much

higher for entrepreneurs with employees, who own what seem to be mostly

informal businesses, with one third of these employers having written ac-

counts and only 15 percent having accessed credit in the last year. Table 3.2
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also shows low or negative earnings growth across the sectors between 2001

and 2006. This is surprising because this occurred at a time when Tanzania

recorded real GDP growth of around 6 percent per year. It is consistent,

however, with the Household Budget Survey analytical report (National Bu-

reau of Statistics, Tanzania 2007), which suggests there was no decline in

poverty between 2000 and 2007 as recorded in the HBSs in these years.

Differences in median earnings tell only part of story however. Figure

3.1 shows the real earnings densities in wage employment for the same cat-

egories as in Table 3.2 from the pooled 2001 and 2006 ILFS data. There

is clearly much more variance in earnings in self-employment compared to

wage employment3. Despite having similar medians, the density of earnings

for the self-employed without employees has more mass in the upper tail of

the density, compared to the density for employees in small firms, which has

much more mass in the centre and roughly the same in the lower tail.

There are also large overlaps between what are generally considered for-

mal and informal sector jobs. Around a third of employees in firms that

have more than 10 employees earn less than the median in self-employment

for those without employees. The differences in median earnings suggests

that a focus on average earnings differentials is important but the large vari-

ation within sectors suggests a model of earnings determination should also

account for this heterogeneity in earnings.

One obvious explanation for earnings variation is that there are differ-

ences in observable human capital. I explore this possibility in Figure 3.2

which plots the density of the unexplained part of earnings after a regression

of log earnings that includes basic human capital controls (age, education,

3This may partly be explained by measurement error, since the self-employed are asked
about and must therefore calculate their profits, whereas wage employees simply report
their earnings, as explained above.
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tenure), as well as gender, which is reported in Table 3.9 in the appendix

to this chapter. Figure 3.2 is similar to Figure 3.1, although the variance of

earnings in each sector is lower. This similarity is perhaps suprising, given

that education seemed important in obtaining access to public sector em-

ployment, but makes more sense when considering that even in the public

sector, human capital can only explain about 25 percent of the variance in

earnings (see Table 3.9 in the Appendix to this chapter). This analysis sug-

gests that the substantial overlap between wage and self-employment is not

due to differences in observable human capital.

Figure 3.3 makes the distinction between wage and self-employment in

graphing the earnings densities but includes public employment separately.

There is clearly a large premium for those in the public sector, and I have

shown above that this seems difficult to obtain without at least having ob-

tained O levels. Within the private sector, however, there is not much

difference between median earnings in self and wage employment, though

there is substantially higher variance in self-employment, as I noted above.

A final piece of evidence is shown in Table 3.3, which gives earnings

regressions with detailed sectoral controls, and controls for firm and own

enterprise size using the TUPS. The TUPS is much smaller than the ILFS

but allows a more substantial set of controls than the ILFS. As shown in Ta-

ble 3.9 in the Appendix to this chapter using the ILFS data, and as discussed

above, education, experience and gender are all important determinants of

earnings. Table 3.3 also shows the large premia for public sector earnings

and that those in larger firms earn more. Probably most interesting is the

fact that individuals in the smallest firms actually earn less on average than

those in self-employment. I return to this point when discussing the results

of my model.
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3.4.3 Employment Transitions

In the segmentation literature, following the tradition of the Harris and

Todaro (1970) model, individuals are assumed not to move from the formal

sector to the informal sector, usually as a result of labour legislation or union

strength that prevent workers being fired. Maloney (1999) shows that in

Mexico, transitions between the formal sector and the informal sector occur

in both directions, thus questioning whether the Mexican labour market is

segmented.

Table 3.4 uses longitudinal data from the 2004 and 2005 rounds of the

Tanzanian Urban Panel Survey to explore how individuals move between

different types of employment. Two things stand out from this table. The

first is that there does seem to be little movement from the formal to infor-

mal sectors, with public sector workers and workers from larger firms very

unlikely to move into self-employment, as the segmented labour market hy-

pothesis would suggest. The second is that there is also very little movement

between self-employment and wage employment, though there is movement

within these categories between self-employment with, and without, employ-

ees, as well as some between small and large firm wage employment. This

suggests that comparative advantage in wage and self-employment may play

an important role in decisions about which sector to work in. It is possible

that individuals are choosing to work either for themselves or for a firm,

and that this may depend on their comparative advantage in each of these

options.

3.4.4 Summary of empirical results

I have noted that some of the of the evidence presented above suggests that

the urban Tanzanian labour market fits broadly into the Fields (1975) view.
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Wages are high in the formal sector, particularly the public sector, and are

low in an informal sector comprised of wage employment in smaller firms

and the self-employed. There is also almost no movement from employment

in the public sector into self-employment or small firms. I have also shown,

however, that there is a large diversity in earnings within self-employment

and private wage employment and that those owning informal firms who

employ others have relatively high earnings, comparable with the earnings of

employees in larger firms and the public sector. In addition, wage employees

in small firms earn less on average than the self-employed without employees.

The Tanzanian UPS transitions data also suggest that there is very little

movement in either direction between wage employment (in small or larger

firms or the public sector) and self-employment.

I have also noted that there are obvious differences between wage and

self-employment in the way earnings are determined in each. The empirical

evidence above, as well as the conceptual differences in earnings determina-

tion, suggest that a more fruitful way of modelling the labour market may

be to assume that individuals choose between wage and self-employment

based on their comparative advantage, which I undertake in the following

section.

3.5 A Model of the Tanzanian Labour Market

3.5.1 Model Outline

Much of the labour economics literature on developing countries divides the

labour market into a formal and informal sector where earnings are higher

in the formal sector. Some of the evidence I showed in the previous section,

however, does not support this view. As a result of this evidence, as well as
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intrinsic differences in earnings determination for wage and self-employment,

I build a two-sector model of comparative advantage in the Tanzanian labour

market that also captures the difference in the way earnings are determined

in wage and self-employment. The empirical analysis above suggested the

public sector provides a large part of the incentive to acquire advanced

secondary or tertiary education by rewarding those who acquire jobs in it

with high earnings. I do not include it in my model, however, and instead

focus on the choice between private wage employment and self-employment.

The model I build generates outcomes that are broadly consistent with the

empirical evidence from Tanzania.

I use a matching framework in a Roy-type model (Roy 1951) of compar-

ative advantage, in which individuals choose either wage or self-employment

opportunities based on their expected earnings in each sector. Frictions

limit the rate at which workers and firms meet each other. Frictions are also

modeled in finding self-employment, so that workers do not instantaneously

find self-employment opportunities. Thus I do not follow Zenou (2008) or

Satchi and Temple (2009) in assuming that one of the sectors has no fric-

tions, but this does not affect my main conclusions. Individuals earn their

marginal product in self-employment, though wage employees do not as they

are assumed to bargain with the firms they meet.

Homogeneity in ability would mean earnings would only differ across

sectors but not within sectors. As a result of the variation in earnings

within sectors that I highlighted above, I assume that individuals vary in self-

employment productivity but that there is constant productivity across all

firms and workers in wage employment. Despite there being variation only

in self-employment productivity, my model also generates earnings variation

in the bargained wage, as a result of the variation in workers’ outside options
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due to their differences in self-employment productivity.

This incorporates ideas from Roy (1951), who assumes individuals choose

to work in the sector that maximises their income and that this income

ability differs in each sector, as well as including ideas from Maloney (1999)

and Albrecht et al. (2009) who argue that wage employment has a low

opportunity cost for individuals with low self-employment productivity and

that self-employment becomes a relevant alternative when firm productivity

is low.

As a result of the differences in self-employment productivity, individuals

with low ability take only wage employment, some individuals take both,

and some take only self-employment. All experience unemployment when

their jobs are destroyed, and they then go back to searching for either wage

opportunities or self-employment opportunities or both4.

A more complex model might perhaps include variation in firm pro-

ductivity (Postel-Vinay and Robin 2002), ability differences in both sectors

(Roy 1951) or productivity shocks to matches (Mortensen and Pissarides

1994). I have built what I think is the simplest model that can explain

some of the empirical evidence from the Tanzanian labour market, however,

particularly earnings dispersion within wage and self-employment as well as

a lack of movement between wage and self-employment that suggests a role

for comparative advantage. The basis for the model is the Albrecht et al.

4Some readers may find it odd that I include a job destruction rate and frictions in
self-employment, since this is often assumed to be a residual sector that those who lose
their wage employment move to until they find another wage job. I have not motivated my
choice with empirical evidence but it is possible to think of situations in which this may
indeed be a plausible assumption. For example, someone selling items to drivers stuck
in traffic jams may find his customers disappear if the road is improved. An individual
selling things from an illegally sited kiosk may find it destroyed by government officials.
In both cases the individual concerned would have to look for a new job, in the sense of
finding a site to sell goods at. This would take time and could be modeled by assuming
there are frictions in self-employment. Frictions may well be lower in self-employment, as
argued in Zenou (2008) and I allow for this possibility, exploring the effects of varying the
level of frictions in section 3.6.
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(2009) matching model of a Latin American labour market, but I modify

the model in ways that generate earnings distributions that better fit the

evidence presented above.

3.5.2 Individual Behaviour

I begin by describing individual behaviour in the model. Individuals can

choose to work in either wage or self-employment. I allow only self-employment

productivity to vary across individuals. I assume that the population is

constant and that self-employment productivity is distributed over a popu-

lation of individuals whose size is normalised to 1. In much of the labour

economics literature both employment for workers and the filled jobs of firms

are thought of as assets that bring an instantaneous return, in the form of

wage or self-employment income for workers and profits for firms. The capi-

tal value of these assets may change in the future as a result of shocks to the

match which result in it being destroyed. In my model the probability that

there will be a change in the capital value of the asset is the probability that

the match will end. For workers, the new value of the employment asset is

assumed to be the value of unemployment that results from the job ending.

For the firm, the new value is the (negative) value of holding a vacancy open.

An individual with productivity y in self-employment earns y but faces a

probability qs that this self-employment opportunity will be destroyed, that

she will enter unemployment and that there will be a change in the value

of the self-employment asset. This means that the asset equation for the

self-employed is5

rVs(y) = y + qs(Vu(y)− Vs(y)) (3.1)

5I present an intuitive explanation of the asset equations that will be used throughout
the model in section 3.A.2 in the Appendix to this chapter.
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where Vu is the value of unemployment, Vs is the value of self-employment

and r is the interest rate6.

Unemployed workers search for employment opportunities and whilst

doing this receive unemployment income z(y), which is a function of their

self-employment ability, as in Wong’s (2003) model of the US labour mar-

ket7.

rVu(y) = z(y)+αmax[(Vs(y)−Vu(y)), 0]+m(θ)max[(Ve(y)−Vu(y)), 0]. (3.2)

α is the probability that an unemployed worker will find a self-employment

opportunity. m(θ) is the rate at which wage employment opportunities

arrive and is a function of θ, a measure of labour market tightness. θ = v/u,

where v is the number of vacancies and u is the number of unemployed

persons. When the labour market is tight v is low relative to u, θ is thus low

and workers will have a harder time finding firms to match with, implying

that the matching rate will be lower. The matching rate in self-employment

is assumed to be exogenous. When an individual finds a self-employment

opportunity or a wage employment opportunity, if she matches with a firm,

this results in a change in the capital value of the unemployment asset

(Vu(y)) that an unemployed person is thought of as holding.

I noted above that variation in self-employment productivity creates

an opportunity cost of taking wage employment that is increasing in self-

employment productivity, as in the model of Albrecht et al. (2009). Thus

workers with low self-employment productivity choose employment in the

6For reference I list and provide a brief explanation of all the model parameters and
variables in Table 3.5.

7Assortative mating by income, education or assets is a possible explanation for un-
employment earnings depending on productivity, with a spouse providing income in a
period of unemployment, but neither the household nor education are taken into account
explicitly in this model. Fafchamps and Quisumbing (2005) provide evidence that sorting
on human capital occurs in the Ethiopian marriage market.
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wage sector and reject potential self-employment options, because they would

earn much less in self-employment and are better off searching for wage

opportunities. Similarly, workers with high self-employment productivity

reject wage employment offers. Leaving unemployment, and entering wage

employment, is worse than staying in unemployment and waiting for future

self-employment opportunities for individuals with high self-employment

productivity. This is captured by the max operator in the last part of equa-

tion (3.2). Similarly, taking self-employment opportunities for unemployed

individuals with low self-employment productivity, is worse than waiting for

future wage employment opportunities, and again the max operator in the

second to last part of equation (3.2) captures the fact that individuals do not

take opportunities that leave them worse off than their current situation.

The asset equation for wage employees is

rVe(y) = w(y) + qe(Vu(y)− Ve(y)), (3.3)

where the wage w depends on y and Ve is the value of wage employment. As

in self-employment, wage employment is assumed to end with an exogenous

probability (qe in wage employment) in which case the asset value Ve(y)

changes and the worker returns to unemployment.

Individuals only differ in their ability in self-employment. Despite this,

the model generates variation in earnings in both sectors, shown in the

dependence of w on productivity y in equation (3.3). This dependence of

the wage on ability is a result of variation in the outside options of workers

who are assumed to bargain with the firms with which they match. I explain

the bargaining process in Section 3.5.4 below.
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3.5.3 Firms

Firms are assumed to have homogeneous productivity yw and to employ only

one worker. They match with workers at the rate m(θ)/θ. When a match

occurs the firm produces a continuous stream of output yw and pays a wage

w(y) to the worker it matches with. The wage paid depends on worker

ability because ability affects the worker’s outside option. Filled jobs can

also be thought of as assets that firms hold, meaning that the asset equation

for a filled job is

r
∏
e

(y) = yw − w(y) + qe(
∏
v

−
∏
e

(y)). (3.4)

Matches are assumed to end with exogenous probability qe, which brings

about a change in the capital value of the filled job asset for the firm
∏
e(y).

Firms whose matches end are assumed to return to search for workers who

are also searching for employment. While this search occurs, firms are as-

sumed to incur a cost of holding a job open, meaning that the asset equation

for a vacant job is

r
∏
v

= −c+ (m(θ)/θ)E[max[(
∏
e

(y)−
∏
v

, 0]]. (3.5)

In equation (3.5), c is the cost of holding a vacant job open per unit of time

and m(θ)/θ is the rate at which firms match with workers. Following much

of the literature, I also assume that firms are risk neutral.

3.5.4 Wage Determination

The match between a firm and a worker generates a gain for both parties

compared to what they would have earned if the match did not occur. These

gains are called rents and the sum of the rents of the firm and worker are
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termed the surplus of the match in the matching literature. When work-

ers and firms match they are assumed to bargain over how this surplus is

distributed between them. Setting up a simple non-cooperative bargain-

ing game with some straightforward assumptions can generate a “surplus

sharing rule” (Cahuc and Zylberberg 2004).

In the model I have set out, a worker’s outside option is the value of

unemployment and a firm’s is the value of keeping a vacancy open. Thus

the rents are (Ve(y) − Vu(y)) for a worker and
∏
e−

∏
v for a firm. This

means that the surplus is S =
∏
e−

∏
v −(Ve(y)− Vu(y)).

I assume that with free entry firms compete away expected profits, so

that
∏
v = 0 and hence that the firm’s outside option has an expected value

of zero. Thus S =
∏
e−(Ve(y)−Vu(y)). Following the matching literature I

assume that the bargaining outcome is the maximum of the Nash criterion

(Nash (1953), Binmore et al. (1986)). Thus the negotiated wage, w(y),

maximises

[Ve(y)− Vu(y)]γ [
∏
e

(y)](1−γ). (3.6)

The first order conditions from this problem give
∏
e(y) = (1 − γ)S and

Ve(y)− Vu(y) = γS, the surplus sharing rule. Thus firms and workers share

the surplus according to their bargaining power, which is determined outside

the model. Substituting the value of
∏
e from equation (3.4) it is possible

to show that

w(y) = γyw + (1− γ)rVu(y)). (3.7)

Equation (3.7) shows a dependence of the negotiated wage w on y because

workers’ outside options, Vu(y)), vary with self-employment ability y, despite

identical productivity for all employees. There are two sources of this vari-

ation. The first is that unemployment income depends on self-employment
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ability y. The second is that even if unemployment income was constant

across workers, the value of the unemployment asset Vu(y)) differs for dif-

ferent kinds of workers, as I explore in section 3.5.5.

3.5.5 Productivity Cut Offs

The model setup and the variation in self-employment ability implies an op-

portunity cost of taking wage employment that is increasing in self-employment

ability. Workers with high self-employment productivity prefer unemploy-

ment to wage employment and will reject wage employment offers because

taking these would mean foregoing high self-employment income. Workers

with low self-employment ability prefer unemployment to self-employment

and will reject self-employment opportunities because these mean foregoing

higher income in wage employment. Some individuals will take both kinds

of employment because the incomes they earn in each are similar. The equi-

librium of this model will thus be one in which there are two cutoff values

in ability, y∗ and y∗∗ with y∗ < y∗∗. These correspond respectively to the

self-employment productivity at which unemployment is no longer preferred

to self-employment, and at which wage employment is no longer preferred

to unemployment.

Individuals with ability y∗ < y < y∗∗ take both self-employment and

wage employment, whilst workers with ability y < y∗ do not take self-

employment. This means that y∗ < y < y∗∗ workers have an extra term

in their unemployment asset equation (3.31), where their self-employment

ability y enters directly. This affects the outside options of these workers

and hence their wages have an extra source of wage variation compared to

the y < y∗ workers , whose self-employment ability does not enter directly

into their outside option in the wage bargain, since they are assumed never
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to take self-employment in this equilibrium.

I have thus injected a further degree of plausibility into the model by

generating earnings dispersion in both sectors, despite only having one type

of ability, in self-employment. In the next sections I follow Albrecht et al.

(2009) in first solving the model, and then showing that the equilibrium is

unique.

3.5.6 Solving the Model

Solving the model requires obtaining the cutoff values y∗ and y∗∗ and solving

for the equilibrium value for θ, labour market tightness. I begin by finding

an expression for y∗ in terms of the exogenous model parameters and θ.

Below y∗, Vu(y) > Vs(y) (unemployment is preferred to self-employment).

This explains why low ability individuals take only wage employment op-

portunities. Individuals with productivity above y∗, but below y∗∗, take

both wage and self-employment. At y∗, Vu(y∗) = Vs(y
∗). This implies the

max operator in the unemployment asset equation is now irrelevant for in-

dividuals with productivity y∗, because taking a wage job does not imply

a decrease in the capital value of the unemployment asset. Thus equation

(3.2) becomes

rVu(y∗) = z(y∗) +m(θ)(Ve(y
∗)− Vu(y∗)). (3.8)

It is then possible obtain Ve(y
∗) in terms of Vu(y∗) from equation (3.3), the

wage employment asset equation:

Ve(y
∗) =

w(y∗) + qeVu(y∗)

r + qe
, (3.9)
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and then solve for Vu(y∗):

rVu(y∗) =
z(y∗)(r + qe) +m(θ)w(y∗)

r + qe +m(θ)
. (3.10)

Since Vu(y∗) = Vs(y
∗) at y = y∗, equation (3.1), the self-employment asset

equation, then implies rVs(y
∗) = y∗. Thus using equations (3.10) and (3.7)

I can express y∗ in terms of θ and the exogenous parameters of the model:

y∗ =
z(y∗)(r + qe) +m(θ)(γyw + (1− γ)y∗))

r + qe +m(θ)
. (3.11)

In a similar fashion I can also find the value of y∗∗, the level of pro-

ductivity above which individuals take only self-employment. Above y∗∗,

Vu(y) > Ve(y), meaning unemployment is preferred to wage employment.

At y∗∗, Vu(y∗∗) = Ve(y
∗∗) and hence equation (3.2), the unemployment as-

set equation, can be written as

rVu(y∗∗) = z(y∗∗) + α(Vs(y
∗∗)− Vu(y∗∗)). (3.12)

Equation (3.1), the self-employment asset equation, then implies that

Vs(y
∗∗) =

y∗∗ + qsVu(y∗∗)

r + qs
. (3.13)

I can then use equations (3.12) and (3.13) to substitute out Vs(y
∗∗) and

solve for Vu(y∗∗):

rVu(y∗∗) =
z(y∗∗)(r + qs) + αy∗∗

r + qs + α
. (3.14)

y∗∗ is the value of y such that Vu(y∗∗) = Ve(y
∗∗) and this combined with

equation (3.3), the wage employment asset equation, implies that rVe(y
∗∗) =
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w(y∗∗). This and equation (3.14) imply that

w(y∗∗) =
z(y∗∗)(r + qs) + αy∗∗

r + qs + α
. (3.15)

Now the bargained wage equation (3.7), with Vu(y∗∗) = Ve(y
∗∗) and rVe(y

∗∗) =

w(y∗∗), implies that w(y∗∗) = yw. This is intuitive because the highest

wage firms can pay must be paid to workers with the highest ability in self-

employment who still take wage employment, and this is the wage which

leaves the firm indifferent between agreeing to the match and returning to

search for another worker, where the expected return is zero in equilibrium

as a result of free entry.

I am then able to form an equation for y∗∗ in terms of the exogenous

parameters of the model:

αy∗∗ + z(y∗∗)(r + qs) = yw(α+ qs + r). (3.16)

With a functional form for z(y) I can solve directly for y∗∗. I also have

one equation with two unknowns y∗ and θ, and require a second to be able

to solve for these variables. To do this it is necessary to first solve for the

steady state employment flows, which I undertake in the next section.

3.5.7 Equilibrium Employment Flows

In the steady state equilibrium of this model the unemployment rate cannot

be changing, implying that the flows into and out of unemployment must

be equal. These flows differ by the workers’ ability type, and by the sector

of employment they choose. There are thus different steady state conditions

for individuals with y < y∗, who take only wage employment, for those with

y∗ < y < y∗∗, who take both wage and self-employment opportunities, and
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for those with y > y∗∗, who take only self-employment. These steady state

conditions give the unemployment rates for the different groups of workers

and the overall unemployment rate for the population.

Following Albrecht et al. (2009), I let u(y) be the fraction of time an

individual of productivity y spends unemployed, ne(y) be the fraction of

time spent in wage employment and ns(y) be the fraction of time spent in

self-employment, meaning that u(y) + ne(y) + ns(y) = 18.

Individuals with productivity y < y∗ only move between wage employ-

ment and unemployment, implying that ns(y) = 0 . This means there is only

one steady state condition for this group, which is that the flow of workers

out of wage employment must equal the flow into wage employment. qe is

the rate at which wage jobs are destroyed, and m(θ) is the rate at which

unemployed workers match with firms. The steady state condition is thus

qe(1− u(y)) = m(θ)u(y), with

u(y) =
qe

m(θ) + qe
(3.17)

and

ne(y) = 1− u(y) =
m(θ)

m(θ) + qe
. (3.18)

Individuals with y∗ < y < y∗∗ take both wage and self-employment op-

portunities, meaning there are two steady state conditions for these individ-

uals. Firstly, the flows into wage employment equal the flows into unemploy-

ment from wage employment, and secondly, the flows out of self-employment

equal the flows into unemployment from self-employment. Hencem(θ)u(y) =

8I do not allow for non-participation in this model.
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qene(y) and αu(y) = qsns(y). Combining these two implies

u(y) =
qe

m(θ) + qe + αqe
qs

, (3.19)

ne(y) =
m(θ)

m(θ) + qe + αqe
qs

(3.20)

and

ns(y) =
qeα

qs(m(θ) + qe + αqe
qs )

. (3.21)

Individuals with y > y∗∗ take only self-employment so there is again

only one steady state condition, that the flow from unemployment to self-

employment equals the reverse flow from self-employment into unemploy-

ment. This implies αu(y) = qsns(y), so that ns(y) = 1− u(y), ne(y) = 0,

u(y) =
qs

α+ qs
(3.22)

and

ns =
α

α+ qs
. (3.23)

Total unemployment can then be calculated as

u =

∫ y∗

0
u(y)f(y)dy +

∫ y∗∗

y∗
u(y)f(y)dy +

∫ 1

y∗∗
u(y)f(y)dy, (3.24)

where u(y) varies for each of the three categories of worker, and f(y) is the

ability distribution in the population.

3.5.8 Finding the Equilibrium

The model can be solved by finding a second equation containing the two

unknowns y∗ and θ, which can be obtained from the free entry condition
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∏
v(y) = 0. This, together with equation (3.5), the vacant job asset equation,

implies

c =
m(θ)

θ
E[max[(

∏
e

(y), 0]]. (3.25)

Now in the equilibrium
∏
e(y) > 0 because firms only match with workers

that they do not make a loss from hiring and hence

c =
m(θ)

θ
E[

∏
e

(y)]. (3.26)

The value of a filled job to a firm is uncertain because the wage paid de-

pends on the ability of the worker employed. In equilibrium only workers

with productivity y < y∗∗ take wage employment offers. To calculate the

expected value of a filled job, E[
∏
e(y)], I also need to know the distribution

of workers with which firms can potentially match. I know the distribution

of worker ability in the population but this is different to the distribution

of unemployed workers who would take wage employment offers from firms.

Following Albrecht et al. (2009), I denote the density of ability for those in

unemployment as fu(y) and then use Bayes’ Law to write

fu(y) =
u(y)f(y)

u
. (3.27)

Hence I can rewrite the free entry condition (3.25) as

c =
m(θ)

θ

∫ y∗∗

0

∏
e

(y)
u(y)f(y)

u
dy. (3.28)

The equation for a filled job, equation (3.4), with
∏
v = 0, implies that∏

e(y) = yw−w(y)
r+qe

. I also know the value of w(y) from equation (3.7), the

outcome of the Nash Bargain with free entry. Hence I can write the free
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entry condition as

c =
m(θ)(1− γ)

θ(r + qe)

∫ y∗∗

0
(yw − Vu(y))

u(y)f(y)

u
dy. (3.29)

I now have the second of the two equations in y∗ and θ, which can be solved

to find the equilibrium values of these variables, once I have values for Vu(y)

for those workers with productivity below y∗∗, who take wage employment

and who can be hired by firms.

The values of Vu(y) differ for individuals with productivity above and

below y∗. Workers with y∗ < y < y∗∗ take both wage and self-employment,

meaning that the self-employment and wage employment asset equations

(equations (3.1) and (3.3)) still apply and the unemployment asset equation

(equation (3.2)) becomes

rVu(y) = z(y) + α(Vs(y)− Vu(y)) +m(θ)(Ve(y)− Vu(y)). (3.30)

Solving these three equations for rVu implies that

rVu(y) =
z(y)(r + qs)(r + qe) + αy(r + qe) + γm(θ)yw(r + qs)

(r + qs)(r + qe) + α(r + qe) + γm(θ)(r + qs)
. (3.31)

For workers with y < y∗ only the wage job asset equation (3.3) still

applies and the unemployment asset equation (3.2) becomes

rVu(y) = z(y) +m(θ)(Vu(y)− Ve(y)), (3.32)

since unemployment is preferred to self-employment for y < y∗ individuals.

Solving equations (3.3) and (3.32) implies that

rVu(y) =
z(y)(r + qe) + γm(θ)yw

r + qe + γm(θ)
. (3.33)
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I now have the values for rVu(y) in terms of the exogenous parameters.

I can then also substitute the values of y∗ from equation (3.11) and y∗∗ from

equation (3.16) into the free entry condition (3.29). This is a non-linear

equation in theta, meaning I am required to solve it numerically, which I

explain in more detail below, after proving that a unique equilibrium to the

model exists.

3.5.9 The Existence of a Unique Equilibrium

A steady state equilibrium is one in which the expected value of maintaining

a vacancy is zero, matches are consummated only if it is in the interests of the

firm and individual to do so, the steady state employment flows conditions

hold, wage employment is not worthwhile for individuals with y > y∗∗ and

self-employment is not worthwhile for individuals with y < y∗ (Albrecht et

al. 2009). A value of θ together with cutoffs y∗ and y∗∗ and an unemployment

rate u(y) at which the above conditions are satisfied is an equilibrium of the

model.

Since I have shown above that u(y) and y∗ are uniquely determined by

θ, and that y∗∗ is determined by the exogenous parameters of the model,

a unique equilibrium exists if there is a unique value of θ that solves the

free entry condition (3.28). If I assume decreasing returns to scale in the

matching function m, a standard assumption in the literature (Cahuc and

Zylberberg 2004), then m(θ)
θ is strictly decreasing in θ. u(y) has different

values for y < y∗ and y∗ < y < y∗∗ but, as can be seen from equations (3.17)

and (3.22), both are strictly decreasing in θ. Since u is the sum of these

two terms for u(y) that are both strictly decreasing in θ, it is also strictly

decreasing in θ (u also includes a term for u(y) above y∗∗ which does not

depend on θ).
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To show that the free entry condition is decreasing in θ I now only need

to show that rVu(y) is increasing in θ. Firstly, for y < y∗, equation (3.33)

can be written as

rVu(y) =
z(y)A+Byw

A+B
, (3.34)

where only B depends on θ. I can differentiate rVu(y) and find that

∂rVu(y)

∂θ
=

(yw − z(y))AB′

(A+B)2
. (3.35)

Since y < y∗ this means y < yw and since z(y) < y this implies yw − z(y)

is always positive. The other terms are clearly also all positive so rVu(y) is

increasing in θ for y < y∗.

For y∗ < y < y∗∗ the value of rVu(y) is found in equation (3.31), which

can be written as

rVu(y) =
z(y)D + Ey + Fyw

D + E + F
, (3.36)

where only F depends on θ. To determine when rVu(y) is increasing in θ I

calculate

∂rVu(y)

∂θ
=
F ′[D(yw − z(y)) + E(yw − y))]

(D + E + F )2
. (3.37)

Since F ′ and (D + E + F )2 are always positive this implies that rVu(y) is

increasing in θ if D(yw − z(y)) + E(yw − y)) > 0. Since y∗ < y < y∗∗ this

means yw − z(y) ≥ 0 and yw − y ≥ 0. And since D and E are both positive

this implies rVu(y) is increasing in θ for y∗ < y < y∗∗.

Having shown that the right hand side of the free entry condition is

strictly decreasing in θ, to prove that the equilibrium is unique I must show

that as θ →∞ the right hand side of the free entry condition tends to zero

and that it tends to ∞ as θ → 0. m(θ)(1−γ)
θ(r+qe)

clearly tends to ∞ as θ → 0

and tends to zero as θ → ∞. Thus I only need to show that the definite
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integral is bounded to show that the equilibrium is unique. u and u(y) are

unemployment rates that are bounded between 0 and 1 for any value of θ.

f(y) is the distribution of abilities in the population and so does not depend

on θ, and neither does yw. Vu(y) is the value of unemployment. As θ → 0

the labour market becomes very tight and matching with a firm increasingly

unlikely. Thus, in the limit, individuals would not find wage employment.

But as the model has been set up they can still find self-employment, where

the arrival rate does not vary with θ. Thus the value of unemployment is

still bounded in this case.

A similar argument holds when θ → ∞ and wage jobs are immediately

available for those who become unemployed, except that some individuals

still take self-employment, even though wage jobs are available instantly,

because their employers would not pay a wage greater than the common

level of productivity. Thus the definite integral is bounded and there is a

unique value of θ that solves the free entry condition.

I have outlined a unique equilibrium above in which there are two cutoffs

y∗ and y∗∗. Though the equilibrium will always be unique there may actually

be two, one or zero cutoffs, depending primarily on the exogenous value of

yw but also on the other exogenous parameters. At values of yw close to 1

there are no individuals who only take self-employment and some who take

both wage and self-employment. If yw takes a value above 1, however, taking

self-employment becomes relatively less lucrative and at a high enough value

of yw eventually all individuals choose only wage employment. Due to the

high levels of self-employment in Tanzania I focus on the two cutoff type of

equilibrium in this chapter, though I do discuss the implications of varying

yw and some of the other exogenous parameters below.
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3.5.10 Equilibrium Earnings distributions in Wage and Self-

Employment

In the model I have outlined wages depend on worker’s outside options,

which are themselves determined by individuals’ self-employment produc-

tivities, and the self-employed earn their productivity. This gives rise to a

distribution of wages and also of self-employment earnings. I now calculate

these distributions in equilibrium, which then enables me to calculate the

average wage paid in each sector.

f(y) is the density of abilities in the population. If h(y) is the density

of ability in wage employment and P (E) is the probability of being in wage

employment, Bayes Law then implies that

h(y) =
P (E|y)f(y)

P (E)
=

ne(y)f(y)∫ 1
0 ne(y)f(y)dy

. (3.38)

For simplicity I assume a uniform distribution of ability between 0 and 1. It

is clear from equations (3.18) and (3.20) above that the probability of wage

employment, ne, differs for different values of y. This means

h(y) =

m(θ)
m(θ)+qe

y∗m(θ)
m(θ)+qe

+ (y∗∗ − y∗) m(θ)
m(θ)+qe+

αqe
qs

0 ≤ y < y∗

=

m(θ)
m(θ)+qe+

aqe
qs

y∗m(θ)
m(θ)+qe

+ (y∗∗ − y∗) m(θ)
m(θ)+qe+

αqe
qs

y∗ < y < y∗∗

= 0 y∗∗ < y ≤ 1

Since h(y) takes a constant value for 0 ≤ y < y∗, another constant

value on y∗ < y < y∗∗ and is zero beyond y∗∗ calculating the distribution of
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wages m(w) is relatively simple. The distribution will also have two constant

parts on the domain of w, but with a much narrower base than the ability

distribution. If I let the height of the first block of the h(y) distribution be a

then the probability mass within this block is ay∗. The area of the first block

of the distribution of w will be the same and thus the height of this block will

be ay∗

w(y∗)−w(0) . Using similar reasoning, the height of the second block will

be b(y∗∗−y∗)
w(y∗∗)−w(y∗) . Solving the model numerically I will be able to calculate

the equilibrium wages at y = 0, y = y∗ and y = y∗∗, obtain the density

and then be able to solve for the average wage paid in the equilibrium. The

average wage is calculated as
∫ y∗∗

0 wm(w)dw.

Calculating the density of earnings in self-employment is also simple.

Again, the density will differ for those with ability y above and below y∗∗

since the probability of self-employment varies with ability. Denoting the

probability of self-employment as P (S) I can write the distribution of ability

in self-employment, again using Bayes’ rule, as

g(y) =
P (S|y)f(y)

P (S)
=

ns(y)f(y)∫ 1
0 ns(y)f(y)dy

. (3.39)

From equations (3.21) and (3.23) I have the probability of being in self-

employment for individuals with y > y∗ and I know that P (S) = 0 if y < y∗.

Thus it is possible to write down the density of ability in self-employment

101



as

g(y) = 0 0 < y < y∗

=

qeα
qs(m(θ)+qe+

αqe
qs

)

((y∗∗ − y∗) qeα
qs(m(θ)+qe+

αqe
qs

)
) + (1− y∗∗) α

α+qs

y∗ < y < y∗∗

=

α
α+qs

((y∗∗ − y∗) qeα
qs(m(θ)+qe+

αqe
qs

)
) + (1− y∗∗) α

α+qs

y∗∗ < y ≤ 1

Since earnings in self-employment are simply the value of individual pro-

ductivity in self-employment, the ability distribution is also the earnings

distribution in self-employment.

3.6 Numerical Solutions to the Model

Solving for two unknowns θ and y∗ in two non-linear equations requires

numerical methods. I use Broyden’s method of solving nonlinear equations

numerically, a quasi-Newton method first outlined by Broyden (1965). This

was implemented using the Compecon Matlab package, a companion package

to the book Applied Computational Economics and Finance (Miranda and

Fackler 2002).

The two non-linear equations to be solved are the free entry condition

(3.29) and the solution for y∗ (3.11). A solution requires assuming values for

the exogenous parameters and functional forms of the model, or estimating

the model and parameters using data. As far as I am aware, there have been

no matching models estimated on African, or possibly even any developing

country data, and as a result there are no empirical estimates of most of the

parameters for which I require values. I do not attempt to prove the pa-
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rameters are identified or estimate my model on the Tanzanian Urban Panel

Survey data here either; rather, I simply follow other papers in using what

seem to be reasonable parameter values and then explore what the model

predicts about the earnings distributions across wage and self-employment,

transitions between the two sectors, and average wages in each sector.

3.6.1 Exogenous Parameter Values

The values of the exogenous parameters which I need in order to solve

the model are those of the interest rate, the job destruction rate in self-

employment and wage employment, the arrival rate of self-employment op-

portunities, firm productivity, the cost to a firm of holding a job open and

the bargaining power parameter. I also require a functional form for z(y),

which shows how unemployment income depends on ability as well as a func-

tional form for the matching function m(θ). I assume that the unit of time

is one year.

Providing empirical estimates of the rest of the exogenous parameters

and functional forms is challenging and I do not attempt to explore the

conditions under which the parameters would be identified. I thus follow

some of the assumptions of Albrecht et al. (2009), the only other two sec-

tor developing country microeconomic matching model I am aware of, in

assuming values for these parameters and the functional forms, but modify

these slightly for the Tanzanian context in some cases. I assume the match-

ing function to be of the form m = 4θ.5, the cost of holding a job open

c = .3, the arrival rate of self-employment offers α = 3, the real interest

rate r = 0.05 and a uniform distribution of self-employment productivity

between 0 and 1. I assume that yw = .5 which, given y ∼ uniform(0, 1),

is the mean and median of this productivity. I discuss the implications of
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other potential underlying distributions below. I finally assume that z = .3y,

so that individuals have unemployment income that is 30 percent of their

self-employment productivity.

3.6.2 Equilibrium Solution

Having assumed the value of parameter values, as well as of functional forms,

I now explore the solution to the baseline model, before undertaking some

comparative statics.

The equilibrium outcome with the chosen parameter values and func-

tional forms is shown in the third column of Table 3.6. In this baseline equi-

librium y∗ = .3936, y∗∗ = .5608 and θ = .51. This means that 39 percent

of the population choose wage employment only, around 17 percent choose

either wage or self-employment and 44 percent choose only self-employment.

Total unemployment is 13.5 percent, with unemployment being 15 percent

for individuals with y < y∗, 7.8 percent for individuals with y∗ < y < y∗∗

and 14 percent for high productivity individuals with y > y∗∗. Individuals

with productivity y∗ < y < y∗∗ take both wage and self-employment op-

portunities so their unemployment rate is much lower than for those with

y < y∗ or y > y∗∗ who take only wage and self-employment offers respec-

tively. The vacancy rate v = uθ so v =6.75 percent. The average wage

paid is .44 and the average earnings in self-employment is .73, meaning that

the model generates earnings in self-employment that are much higher than

those in wage employment. I discuss this further in section 3.6.2 below.

Earnings variation in wage employment

Those who take only wage employment in the equilibrium (0 < y < y∗)

have an extremely low variance of earnings since w(0) = .43 whilst w(y∗) =

104



w(.39) = .447. This narrow distribution is a result of identical firm produc-

tivity and the small variation in the outside options of those who choose

only wage employment in the equilibrium. For these individuals, their self-

employment productivity does not enter directly into their outside option

in the wage bargain with firms, because they never actually exercise their

self-employment option in the equilibrium of the model. Thus only the dif-

ference in workers’ unemployment income, which is assumed to be a function

of self-employment productivity, generates wage differentials amongst these

workers.

There is more wage variation over a narrower range of abilities for those

who also take self-employment opportunities (y∗ < y < y∗∗) since w(y∗) =

w(.39) = .447 and w(y∗∗) = w(.56) = .5. This is because these individuals

do exercise their self-employment options, which enter the wage bargain and

generate greater variation in individuals’ outside options.

Having shown how it is possible to generate the distribution of earnings

conditional on wage employment in Section 3.5.10 above, I now undertake

this and describe the equilibrium wage density. It consists of two rectangular

blocks, one between w(0) = .43 and w(y∗) = .447 containing mass .82 (in

the row of Table 3.6 labeled “wmass 1”) and the other between w(y∗) = .447

and w(y∗∗) = .5 containing mass .18 (in the row of Table 3.6 labeled “wmass

2”). The corresponding cdf is shown in Figure 3.4 (labeled baseline), which

emphasises the lack of variation in wages. Allowing unemployment income

to vary by self-employment ability thus buys some degree of realism at the

lower end of the earnings distribution, in that there is some variation in the

bargained wage for individuals taking only wage employment, which would

not be the case if unemployment income was fixed (there would be a mass

point). Figure 3.4 suggests, however, that the amount of variation is limited.
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Earnings variation in self-employment

Those taking only self-employment simply earn their self-employment pro-

ductivity, which means that there is a much larger amount of variation in

self-employment earnings compared to wages earned working for firms with

identical productivity. The minimum amount earned in self-employment is

y∗, whilst the maximum is the highest productivity in the distribution of y,

which are .39 and 1 in the baseline model. Thus the maximum and mini-

mum earnings for the population are respectively higher and lower than the

maximum and minimum earnings in wage employment.

The probability of self-employment differs above and below y∗∗, because

unemployed individuals with productivity y < y∗∗ also take wage employ-

ment offers if these arrive before self-employment opportunities. This means

the density of earnings conditional on being self-employed also consists of

two rectangular blocks, the first between y∗ and y∗∗ and the second between

y∗∗ and 1. The first contains mass .17 (the row labeled “smass 1” in Table

3.6) and the second .83 in the baseline equilibrium equilibrium (in the row

of Table 3.6 labeled “smass 2”).

Transitions

The comparative advantage of individuals in one or other sector in the model

means that most individuals prefer to take opportunities in only one of

the sectors. Only those individuals with self-employment productivity near

the constant level of firm productivity take both wage and self-employment

opportunities. This is consistent with the evidence from the TUPS data,

shown in Table 3.4, which suggests that there is little movement between

wage and self-employment.
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Analysis of the Model Solution

The ILFS data suggest that earnings in self-employment exhibit a higher

variance than those in wage employment but that the medians of the two

distributions are roughly equal. The TUPS OLS regressions suggested earn-

ings in wage employment in small firms was lower than in self-employment

after controlling for basic observable human capital. This goes against the

view that self-employment is a worse outcome than wage employment but

accords with the view of Maloney (2004) that in Latin America, informal

salaried workers are generally considered to be the worst off of the employed,

below even the informally self-employed.

In the model I have built, average self-employment earnings are much

higher than those in wage employment as a result of high productivity indi-

viduals choosing self-employment. This is partly as a result of the assumed

underlying productivity distribution, which was chosen for its simplicity

rather than for its realistic properties. The differential would be much lower

with an ability distribution that had more mass near the centre. This would

result in a higher proportion of individuals taking both wage and self oppor-

tunities and give less weight to those individuals with higher self-employment

ability in calculating the average. My model will always have average self-

employment earnings higher than the average wage paid, however, without

more fundamental changes, some of which I discuss below.

The model I have built above can be thought of as an assignment model

in the tradition of Roy (1951), where workers have a choice of sector in which

to seek employment. In a review of assignment models, Sattinger (1993)

notes that different models generate earnings distributions that can amplify

or compress the underlying ability distribution assumed to be present in the

population. In my model the identical productivity across all firms com-
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presses the underlying ability distribution very substantially, so that there

is much less inequality in wages than in ability. There is no such com-

pression in self-employment, where earnings are equivalent to productivity.

The compressed wage distribution is unrealistic but qualitatively, the dis-

tribution results are in line with the data I have presented from Tanzania,

in that self-employment earnings exhibit a higher variance than wage em-

ployment earnings and that the lowest and highest earnings observed are in

self-employment. This difference in variance is much higher in my model

than in the data, however. One possible way of generating more variation

in the wages of those only taking wage opportunities is to increase frictions

in the model, which I show below. By changing the functional form of

the matching function in wage employment and the exogenous arrival rate

of self-employment opportunities, it is possible to increase frictions, make

differences in unemployment income more important and thus increase the

variation in wages paid.

Although I have shown some weaknesses in my model, it does generate

realistic predictions for the transitions between wage and self-employment

and the relative size of the variances of earnings in the two sectors with-

out imposing the cost of extra complexity. It also compares well with the

Albrecht et al. (2009) model which has constant earnings in the informal

sector.

3.6.3 Comparative Statics

Having explored the equilibrium outcomes in the baseline model, I now ex-

plore how the equilibrium changes as I vary some of the exogenous param-

eters. To start with, I explore the effect of raising firm productivity, shown

in Table 3.6, where yw varies across the forth row. This could be thought of
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as exogenous development progress, where firms become more productive.

This could possibly as a result of increased product market competition as

trade barriers are lowered and imports increase, or as local production by

more productive foreign-owned firms increases. As firm productivity rises,

the percentage of workers willing to take only wage opportunities increases,

as does the self-employment ability of the worker with productivity y∗, who

is indifferent between unemployment and self-employment. The percentage

of individuals willing to take both wage and self-employment opportunities

first rises and then falls as productivity increases whilst the percentage of

the population in self-employment declines as productivity increases. The

variance of wages in wage employment is constant and then decreases at high

levels of productivity. Both wage and self-employment average earnings rise

as productivity increases: in wage employment this is because firm produc-

tivity rises, and in self-employment because rising productivity pushes lower

productivity individuals who were self-employed into wage employment and

thus raises the average productivity of those still in self-employment. Unem-

ployment decreases as firm productivity rises, mainly as a result of decreased

unemployment amongst the low ability types who take only wage employ-

ment.

It is also possible to explore how changing the matching function and

the exogenous arrival rate of self-employment opportunities affects the wage

and self-employment earnings distributions. I noted above that increased

frictions would raise the importance of unemployment income and hence

possibly generate more variation in the wage employment distribution. Ta-

ble 3.7 shows the results of varying both the matching function for wage

employment and the exogenous arrival rate of self-employment opportuni-

ties α. The matching function is of the form aθ.5 and I allow a to take on
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the values 1,2 and 3. The variation in wages for those who always take only

wage employment is proportionately much higher when the matching rate

in wage employment is lower. Figure 3.4 shows the cdf for a = 1 and α = .5.

The difference between w(0) and w(y∗) doubles when a is only 1 (compared

to a = 4 in the baseline equilibrium). In absolute terms it is still low, how-

ever, only around a maximum of 5 percent of the variation in abilities of

the individuals who take only wage employment. Unfortunately, increased

frictions come at a high cost as the unemployment rate that results from

large frictions is very high, much higher than what is seen in the data. I

discuss other ways of increasing variation in wages in the following section.

3.6.4 Potential extensions

The model I have built is relatively simple since it assumes identical firms

and only allows individual heterogeneity in one sector. Despite this, it gen-

erates some realistic outcomes in predicting the pattern of transitions, and

also the relative size of the variation in wage and self-employment earnings.

There are several possible extensions which would enhance the predictions

of the model but which I have not pursued in this chapter. Varying firm pro-

ductivity would be one possibility for improving the model since this would

increase the variation in wages across individuals in wage employment. An-

other way to increase wage variation without increasing the amount of het-

erogeneity, would be to follow the original Mortensen and Pissarides (1994)

model and include random productivity shocks that lower the productivity

of the match and hence the wage paid. This is also the way match break up

is modeled in the formal sector in Albrecht et al. (2009). This assumption

would mean that the matches that exist in the equilibrium have existed for

different lengths of time, have experienced different numbers of productivity
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shocks and will thus pay many different wages, even amongst those hav-

ing the same initial productivity. This requires introducing an endogenous

reservation wage that depends on the tightness of the labour market so that

when a productivity shock lowers the wage below some level, the match dis-

solves and the firm and the worker look for other opportunities. This would

be more realistic since it endogenises the separation rate rather than having

an exogenous separation rate as in my model.

Productivity shocks or heterogeneous firm productivity would generate

more realistic variation in wages but this would not get around high ability

individuals still taking only self-employment. One potential way of address-

ing this issue is to allow for individual heterogeneity in both sectors, as in

the Roy (1951) model. There would then be a question of how different

assumptions about the correlation of individual ability in the two sectors

affects the model’s predictions. Positively correlated ability would likely re-

sult in many more transitions between wage and self-employment than are

shown in the data.

My model has different assumptions about arrivals of opportunities in

each sector. The rate of matching for wage employment is assumed to vary

with labour market tightness but the arrival rate of self-employment oppor-

tunities is exogenously determined. Although I have not presented any em-

pirical evidence of this, it would seem preferable to have the self-employment

opportunity arrival rate also depend on labour market tightness. It seems in-

tuitive that the self-employment arrival rate is higher the tighter the labour

market is, although it is not clear what effect this would have on the unique-

ness of the equilibrium in the current model.

The question of the origins of the firms that workers match with has

not been addressed in this chapter. This is an important issue in a labour
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market where self-employment is so prevalent. Future work should incorpo-

rate the possibility of the self-employed owning firms and employing other

workers, as in Banerjee and Newman’s (1993) model of occupational choice

and economic development.

3.7 Conclusion

In this chapter I have presented some stylised facts from the Tanzanian

labour market and built a model to explain these. I have moved beyond

a focus on average wage differentials in the choice between wage and self-

employment in Tanzania and presented a model which posits a central role

for individual heterogeneity in both the employment choice and earnings

determination. I have shown that there is a large amount of heterogeneity

in earnings both within and between what have traditionally been called

the formal and informal sectors. I have also shown that there are also very

few transitions between small firm wage employment and self-employment,

despite these having traditionally been lumped together as the informal

sector. I have also presented some evidence that small firm employees earn

less than the self-employed in Tanzania, challenging the notion that self-

employment is a residual sector for those unable to find wage employment.

The model of the urban Tanzanian labour market that I have built can

explain some of these outcomes, using a matching framework, and allowing

for variation in self-employment productivity that implies an opportunity

cost of taking wage employment which is increasing in self-employment pro-

ductivity. Workers’ outside options include this opportunity cost and so

bargained wages also vary as a result, despite individuals having constant

productivity in wage employment.

The model generates distributions of earnings in wage and self-employment
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that exhibit characteristics that are broadly similar to the empirical distri-

bution, including higher variance in self-employment earnings than wage

employment earnings. The transitions predicted by the model are also sim-

ilar to those observed empirically, in that there is little movement between

wage and self-employment, as a result of most individuals in the population

working only in the sector where they have a comparative advantage. As

a result of selection by high ability individuals into self-employment, the

model I have built generates average earnings in self-employment that are

much higher than those in wage employment. This is not too dissimilar from

the evidence I presented that earnings in small firms are roughly 15 percent

lower than in self-employment.

I have suggested several ways of increasing the complexity of the model

and generating patterns more similar to those observed empirically. In par-

ticular, allowing heterogeneous firms, a more complicated ability distribu-

tion in self-employment and possibly adding ability in wage employment

would generate outcomes closer to those observed in the data. I believe

the strength of the model is its relative simplicity in capturing the distinc-

tion between wage and self-employment in the matching framework and its

prediction of some of the stylised facts from the urban Tanzanian labour

market.
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Table 3.1: Urban Employment by Sector and education

2001 2006 Pooled
N N < O levels O levels or Higher

Employment Categories

Self Emp no Employees 2168 3294 4985 477
Self Emp with Employees 458 522 729 251
Small Firm Wage Employment 470 660 1012 118
Large Firm Wage Employment 238 718 681 275
Public Employment 1080 1055 868 1267
Agriculture 1853 2785 4530 108

Total 6815 9736 13732 2819

Source: ILFS 2001 and 2006. O levels represents 11 years of education under the new
education system and 12 under the old system

Table 3.2: Median Monthly Earnings

2001 2006
Employment Categories

Self Emp no Employees 30000 29464
(98007) (172078)

Self Emp with Employees 78571 56250
(492279) (259446)

Small Firm Wage Employment 30000 28125
(42826) (69443)

Large Firm Wage Employment 45000 45313
(49195) (136469)

Public Employment 78000 75000
(192792) (258443)

Frequency 4962 6951

Standard Deviations in Parenthesis. Earnings expressed in monthly constant 2001
Tanzanian Shillings. The average exchange rate was Tsh 916 per US dollar in 2001 and

1261 in 2006 (International Monetary Fund 2010)
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Table 3.3: OLS earnings regressions from the TUPS
2004 2005 Pooled
(1) (2) (3)

Total Exp 0.024∗∗ 0.014 0.027∗∗∗
(0.012) (0.01) (0.008)

exp2/100 -.030 -.015 -.036∗∗∗
(0.021) (0.019) (0.013)

Ln(Hours) 0.025 0.298∗∗ 0.028
(0.117) (0.136) (0.073)

Ln(firsiz) 0.18∗∗∗ 0.168∗∗∗ 0.149∗∗∗
(0.033) (0.048) (0.022)

Ln(emps) 0.615∗∗∗ 0.492∗∗∗ 0.555∗∗∗
(0.123) (0.135) (0.076)

Tenure -.006 0.017 0.006
(0.013) (0.012) (0.007)

Tenu2/100 0.011 -.040 -.012
(0.033) (0.037) (0.02)

Male 0.217∗∗∗ 0.299∗∗∗ 0.313∗∗∗
(0.065) (0.065) (0.044)

Educ 0.0004 -.008 0.01
(0.024) (0.026) (0.019)

Educ2/100 0.634∗∗∗ 0.496∗∗∗ 0.436∗∗∗
(0.183) (0.172) (0.131)

Pub Ent -.085 0.193 0.112
(0.215) (0.236) (0.135)

Civ Ser 0.985∗∗∗ 0.908∗∗∗ 0.826∗∗∗
(0.17) (0.125) (0.073)

Priv Wag -.241∗ -.177 -.121
(0.124) (0.116) (0.074)

Const. 9.626∗∗∗ 8.735∗∗∗ 9.634∗∗∗
(0.483) (0.569) (0.316)

Obs. 568 579 1643
R2 0.354 0.35 0.327

Source: Tanzanian UPS 2004-2005. A year dummy for 2004 was included but not reported.
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Table 3.5: Model Parameters
Parameter Description

Exogenous r Interest rate
y Self-employment productivity
ky Unemployment income
α Matching rate in self employment
m Matching function in wage employment
yw Firm productivity
qe Wage job destruction rate
qs Self-employment job destruction rate
c Cost of holding a vacant job open
γ Bargaining power parameter

Endogenous Vu Value of unemployment asset
Vs Value of self-employment asset
Ve the value of wage employment asset
θ Tightness of the labour market
w Wage in wage employment
u Unemployment rate
v Vacancy rate∏
e Value of a filled job asset∏
v Value of a vacant job asset

Figure 3.1: earnings distributions, ILFS
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Real Earnings in Tsh/mo.
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Source: pooled earnings data from Tanzanian ILFS 2001 and 2006. The kernel density was
estimated using Stata.
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Figure 3.2: earnings distributions, with controls for human cap-
ital
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Source: pooled earnings data from Tanzanian ILFS 2001 and 2006. The kernel density was
estimated using Stata.

Figure 3.3: earnings distributions, ILFS
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Source: pooled earnings data from Tanzanian ILFS 2001 and 2006. The kernel density was
estimated using Stata.
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Figure 3.4: Wage CDFs for baseline and high frictions model
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3.A Appendix

3.A.1 Measuring Inflation

Price increases over the period makes comparing incomes at different times

more difficult. A consumer price index (CPI) is collected monthly by the

Tanzanian National Bureau of Statistics and is shown in Table 3.8. It indi-

cates there was inflation of around 31 percent over the 5 year period between

the two surveys. However some concerns have been raised about its accu-

racy (National Bureau of Statistics, Tanzania 2007)9. It is a Laspeyres index

based on the 2000 Household Budget Survey, which means it does not take

into account changes in consumption patterns that occurred post-2000. If

relative prices or patterns of expenditure have changed over the period then

this will not be an accurate measure of how the prices households face have

changed (Deaton and Tarozzi 2000).

It is possible to calculate alternative price indices based on the House-

hold Budget Surveys of 2000 and 2007, nationally representative samples

of households in these years, which collected prices faced by households

and household expenditure. Using these data a Fisher ideal index (which

measures price changes over an average consumption basket across the two

survey years (Deaton and Tarozzi 2000)) is constructed for both food and

non food inflation in the 2007 HBS report (National Bureau of Statistics,

Tanzania 2007). This suggests that food inflation was actually nearly 100

percent over this 7 year period, whilst the CPI puts food inflation at 52

percent over the same period. A similar trend is found in non-food infla-

tion: the HBSs indicate inflation was over 100% but the CPI implies it was

9NBS collects its own CPI data but outsourced the 2007 HBS analytical report to a
group of UK researchers, which explains how two NBS sources give different numbers for
inflation.
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29 percent (National Bureau of Statistics, Tanzania 2007). A Fisher ideal

index is then calculated using weights for food and non-food inflation of 0.72

and 0.28 respectively, based on the share of food and non-food expenditure

for the poorest 25 percent. The resultant index of price increases between

2000 and 2007 is 1.93, compared to 1.47 using the CPI.

Unfortunately the HBS years do not correspond to the years the ILFS

was conducted, meaning some interpolation will be required to obtain the

estimated price inflation over the period. To do this I assume a constant

rate of inflation over the period and I then wish to find a π that satisfies

(1 + π)7 = 1.93. This generates a value of π of 9.8 percent compared to

an average yearly inflation figure of roughly 5.5 percent from the CPI. This

interpolation means I estimate that the increase in prices between 2001 and

2006 was 60 percent, nearly double the 31 percent calculated from the CPI.

Despite the assumption of constant inflation and the weighting of the index

using the poorest 25 percent of the population, given the problems with the

CPI, I believe this is more reliable than the CPI data from the National

Bureau of Statistics and this is what I use to deflate earnings in the surveys

I use.

3.A.2 The Evolution of the value of the asset

Following Cahuc and Zylberberg (2004) I provide an intuitive explanation for

the value of an asset which gives a flow income ω(x) over a small interval of

time dt and which can evolve to a new state with net present value Π̄(t+dt)

over the small time interval dt with a probability of λ(t)dt. It is possible to

write the value of the asset as

Π(t) =
1

1 + rdt
(ω(t) + λ(t)dtΠ̄(t+ dt) + (1− λ(t)dt)Π(t+ dt)) (3.40)
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Rearranging it is possible to obtain

rΠ(t) = ω(t) + λ(t)(Π̄(t+ dt)−Π(t+ dt)) +
Π(t+ dt)−Π(t)

dt
(3.41)

Letting t→ 0 we then have

rΠ(t) = ω(t) + λ(t)(Π̄(t)−Π(t)) + Π̇(t) (3.42)

The time derivative of the asset Π̇(t) is assumed to be zero in the asset

equation for a job in my model and equation (3.42) is the basis of the asset

equations I use in this chapter.
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Table 3.8: CPI as measured by the National Bureau of Statistics

2000 2001 2002 2003 2004 2005 2006 2007
77.9523 81.9648 86.3236 90.9018 95.2067 100 107.251 114.786

Source: International Monetary Fund (2010)

3.A.3 Human Capital Regressions

Table 3.9: Basic Human Capital Regressions from the 2006 ILFS
occup1 occup2 occup3 occup4 occup5

(1) (2) (3) (4) (5)

male 0.614 0.478 0.435 0.308 0.09
(0.029)∗∗∗ (0.08)∗∗∗ (0.053)∗∗∗ (0.054)∗∗∗ (0.038)∗∗

age 0.025 0.021 0.049 0.065 0.069
(0.012)∗∗ (0.029) (0.019)∗∗ (0.019)∗∗∗ (0.017)∗∗∗

agesq -.029 -.009 -.042 -.062 -.052
(0.014)∗∗ (0.034) (0.024)∗ (0.023)∗∗∗ (0.02)∗∗∗

years of education 0.029 0.027 0.092 -.002 0.045
(0.014)∗∗ (0.04) (0.027)∗∗∗ (0.025) (0.025)∗

educsq 0.251 0.4 0.006 0.698 0.311
(0.112)∗∗ (0.24)∗ (0.194) (0.144)∗∗∗ (0.122)∗∗

D2001 0.022 0.228 0.16 -.089 0.119
(0.029) (0.075)∗∗∗ (0.048)∗∗∗ (0.05)∗ (0.036)∗∗∗

Obs. 4429 831 875 886 1646
R2 0.131 0.16 0.193 0.31 0.259
F statistic 110.921 26.227 34.523 65.908 95.572

Notes: dependent variable is log(income) in all columns. ∗, ∗∗, ∗∗∗ denote significance at
10%, 5% and 1% levels.
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Chapter 4

Estimating the Returns to

Education in Tanzania

4.1 Introduction

The magnitude and shape of the returns to education is an important re-

search area in labour and education economics and has stimulated a large

literature in applied econometrics. Education is considered a crucial tool to

raise incomes and thus quantifying returns at different levels of education

is highly relevant for policy makers’ decisions about how to invest in edu-

cation. In the last forty years economists have become increasingly aware

of the difficulties of estimating the causal effect of education on individual

earnings. A major insight from this research is that unobserved individual

heterogeneity can confound attempts to estimate the return to education, if

unobservably more able individuals take more education and benefit more

from it. In this paper I attempt to explore this insight and explore its impli-

cations for the problem of estimating the returns to education in Tanzania.

Linear estimates of the returns to education have traditionally been con-
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sidered a good approximation of the shape of the earnings function, with

the returns to education generally estimated to be around 6-7 percent for

developed countries and slightly higher in developing countries. One of the

major advances made in applied labour economics in recent years has been

to recognise and identify the biases present in the estimates of the return

to education, due to the endogeneity of schooling choices. This endogene-

ity results from heterogeneity in individual ability, both in schooling and

in earning income, since higher ability individuals are likely to obtain more

education and could also benefit more from it. This heterogeneity makes it

much more difficult to obtain the causal effect of education on earnings. A

discussion of the implications of this heterogeneity for estimation techniques

and for the parameter(s) one wishes to estimate is an important contribution

of this chapter.

I consider a model of schooling choice in which this choice is determined

by its costs and benefits, which vary by individual. I discuss the applicability

of the model to developing countries and its implications for estimating the

returns to education. I then use two large sample cross-sectional data sets

from Tanzania to estimate the returns to education. I consider only the

private, pecuniary benefits of education and disregard other possible non-

pecuniary or social benefits such as improved health (Söderbom et al. 2006)

or more effective civic institutions (Walter 2007). In my estimation of the

returns to educational investment I also disregard the costs of education that

are necessary to calculate a true return on the educational investment. In

doing so I follow almost all of the recent literature on estimating the returns

to education.

I attempt to resolve concerns about the effects of unobserved hetero-

geneity by using exogenous variation in the number of years of education
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individuals obtained before, and after, a significant reform in the Tanzanian

education system in the mid 1960s. I begin with Ordinary Least Squares

(OLS) estimates of the returns to education, which have been shown to

have a number of biases and which I discuss. I then use the control function

approach and two-stage least squares and discuss what it is possible to es-

timate with each, as well as the assumptions required to do so, in the case

of the Tanzanian education reform.

In section 4.2 I discuss the literature that has estimated the returns to

education and outline the problems involved. In section 4.3 I set out a model

of education and discuss its relevance for the Tanzanian economy. Section

4.4 explores the implications of individual heterogeneity for attempts to

estimate the returns to education. In section 4.5 I outline the reform in the

Tanzanian education system that I exploit as a source of exogenous variation

in education. In section 4.6 I describe the data source I use to estimate the

returns to education in Tanzania, section 4.7 describes my estimation and

results and section 4.8 concludes.

4.2 Challenges in estimating the returns to edu-

cation

A framework for thinking about investment in, the production of, and the

economic returns to, what was first called ‘human capital’ by Pigou (1928),

as noted in Polachek (2007), was developed in the the work of Schultz (1958),

Mincer (1958), Schultz (1959), Becker (1962) and Mincer (1973). The ex-

plosion of subsequent research has led to the phrase “human capital” being

widely adopted outside economics and has dramatically changed the way

policy makers think about the provision and subsidisation of education in
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the last 50 years (Becker 1993). Mincer’s (1973) work was a landmark study.

Mincer showed that earnings are correlated with education levels at an in-

dividual level, and helped to launch a vast amount of research in applied

microeconometrics and labour economics, the objective of which has been

to estimate the returns to education. One of the results of this explosion of

research has been the incorporation of human capital into the growth theory

literature (Aghion and Howitt 1998), and returns to education have been

estimated at the macro level (Krueger and Lindahl 2001). In this paper,

however, I estimate the returns to education at the individual level.

Economists have long realised that the observed correlation between ed-

ucation and earnings, at the individual level, may not be a causal effect

of education. Educational choices may be determined by an individual’s

taste for, and ability in schooling, as well as the individual’s ability in the

labour market. This endogeneity of education is the key problem faced by

a researcher wishing to explore the causal effect of education on earnings.

One of the early concerns was the possibility of correlation between ed-

ucation and an unobserved and individual-specific constant in the earnings

equation, that has subsequently been labeled “ability bias”. Belzil (2006)

notes that earlier studies attempted to control for ability directly by using

measures of IQ. Another way of solving this problem was to use data on

twins, who were argued to have the same innate ability, as pioneered by

Taubman (1976). Ashenfelter and Krueger (1994) note that some of these

studies found estimates of returns to education that were higher than those

estimated using OLS, leading Griliches (1977) to argue that ability bias

was actually small and that the true effect of education on earnings might

even be larger than that estimated by OLS, because of the attenuation bias

introduced by measurement error in education.
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In the 1990s there was a move towards using aspects of the educational

system that generated exogenous variation in education as instrumental vari-

ables. The most famous of these is probably the Angrist and Krueger (1991)

study, using quarter of birth as an instrument for education, which provided

exogenous variation in schooling levels due to compulsory school leaving laws

in the US. In another important paper, Card (1995) uses proximity of an

individual’s home to a college as an instrument for educational attainment.

In these and many other studies, estimates of the returns to education using

IV were also found to be higher than OLS estimates. Card (2001) notes this

was generally taken to imply that ability bias was small, as Griliches (1977)

had argued, that the lower OLS estimates reflected measurement error in

education, and that IV corrected the attenuation bias introduced by this

measurement error.

The possibility that there may also be individual heterogeneity in the

returns to education has been recognised more recently by economists work-

ing on the returns to education. The concern about the impact of hetero-

geneity in the returns to education on estimates of this return has shifted

the methodology used in estimating the returns to education towards that

used in the treatment effects literature, which places a strong emphasis on

the heterogeneity of responses to treatment. In economics this literature

originally focused on evaluating job training programs (Ashenfelter 1978),

but has rapidly expanded its reach to the fields of development economics,

immigration, public finance and the returns to schooling, amongst others

(Angrist and Pischke 2010).

A key implication of heterogeneity in treatment effects, when estimating

the returns to education, is that there are several different possible aver-

age effects of education that can be estimated. Card (2001) thus attempts
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to explain IV estimates that are above OLS estimates, not as the result of

resolving measurement error-induced attenuation bias, but as a result of esti-

mating the average effect of education for a particular sub-group with higher

returns than the population average, those who were induced to change their

level of schooling as a result of the particular instrument used in the study.

Card’s (2001) explanation for why IV estimates are higher than OLS re-

quires him to assume that returns are concave. Card (2001) argues that the

supply side variation in education that is used as an instrument affects those

who would have lower education levels. He assumes that these low educa-

tion individuals have higher returns to education, which implies a concave

schooling-earnings profile, and that IV estimates capture their returns to

education rather than some average return from the whole population.

In contrast to Card’s assumption of concavity, much of the literature

estimating returns for the US assumed that returns were approximately

linear, following Mincer (1973). In the following section I outline the debate

on the shape of the returns to education, particularly within the African

context.

4.2.1 The Shape of the Returns to Education

Despite the assumption of linear or concave returns to education in the US

in the majority of the literature, this is still an area of active debate. Belzil

and Hansen (2002) argue that because unobserved heterogeneity cannot be

identified in reduced form models estimated using IV, strong assumptions

about the effects of this heterogeneity that are required to estimate reduced

form models are not appropriate. Instead, they estimate a structural model

of educational choices using maximum likelihood estimation on the National

Longitudinal Survey of Youth data from the US and allow highly flexible
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effects of heterogeneity and schooling. Unlike Card (2001), these authors

find highly convex returns to education, with returns below 1 percent per

year until grade eleven and exceeding 10 percent only for the final three

years of a four year college degree.

In addition to being a question of interest for applied microeconometri-

cians, the shape of the earnings function is also an important question for

policy makers in developing countries. The arguments of Psacharopoulos

(1994), that returns to education were concave and generated by schooling-

induced increases in productivity, were used to justify policies where the

largest investments went towards primary education in developing countries,

as in the World Bank’s (1995) objective of “Education For All”. Bennell

(1996) argues, however, that many of the studies used by Psacharopou-

los (1994) to justify the claim that marginal returns to primary school are

higher than those for secondary and tertiary education, are actually of very

low quality.

Despite the arguments of Psacharopoulos (1994), there seems to be a

shift towards a consensus that returns are convex in developing countries.

Convexity in returns to education has also been found in studies for a number

of African economies. These include Knight and Sabot (1990) for the 1980s

and Söderbom et al. (2006) for the 1990s, in both Tanzania and Kenya, for

Tanzania and Ghana in the 2000s (Rankin et al. 2010), for Nigeria in the

1990s and 2000s (Oyelere 2008) and for South Africa in the 1990s and 2000s

(Keswell and Poswell 2004).

As well as suggesting that investing only in primary schooling may be

bad policy, these findings of convexity raise concerns about the possible

influence of some of the biases discussed above. Many of the studies using

African data do not account for the endogeneity of education and estimate
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the returns using OLS, including all of those cited in the review by Keswell

and Poswell (2004) for South Africa, as well as Knight and Sabot (1990). It

may be that what seems to be convex returns to education could actually

just be a form of ability bias, if individuals with higher ability in the labour

market also invest in more education, or returns bias, if individuals who

benefit more from education obtain more of it.

There are some studies using African data that acknowledge the difficul-

ties individual heterogeneity creates for estimating the returns to education

and attempt to solve these. Oyelere (2008) uses a binary instrument, indicat-

ing whether or not an individual was exposed to a free education program

rolled out across different states, and at different times in Nigeria, in at-

tempting to solve endogeneity problems, but still finds convex returns. The

author, however, does not allow for individual heterogeneity in individual

returns.

Söderbom et al. (2006) use a control function approach in attempting to

solve the endogenous education problem. The authors, following the work of

Card (1995), who used proximity to college as an instrument for college at-

tendance, claim to have solved the endogeneity problem, using instruments

for education that include distance from primary and secondary schools.

Theirs is possibly the only study that allows for heterogeneous returns but

they do not find this to be important, and their preferred specification even-

tually excludes terms that capture this form of heterogeneity. In general,

however, a lack of good quality data, as well as the fact that addressing

heterogeneous returns is a relatively new area, in which advances are being

made rapidly, has meant that there is a paucity of studies using African

micro data that acknowledge the difficulties individual heterogeneity causes

when estimating the returns to education, or that attempt to solve these.
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There is also a lack of clarity in what is being estimated when there is het-

erogeneity in returns, since the returns may differ for each individual. In

the following section I outline a model of educational choice that clarifies

the endogeneity concerns I have discussed in this section.

4.3 A Model of Educational Choice

In this section, following Card (2001), I specify a general model of educa-

tional choice, modeling the returns to education and its costs, and discuss the

model’s relevance for the developing country context. Card (2001) assumes

risk averse individuals, who have utility function u() that is increasing and

concave in consumption, and who have an infinite planning horizon. This

planning horizon is assumed to begin at the minimum school leaving age,

so Card is assuming that individuals are old enough to process information

about their own ability, and the state of the labour market, and to make the

sorts of decisions the model requires of them at this time. With high enough

poverty levels that a significant number of Tanzanians acquire no schooling

at all, one could question the relevance of this model for Tanzania.

Orazem and King (2008) is one of the few models that explains educa-

tional attainment in low income countries and this model has similar as-

sumptions about educational choice to Card’s (2001). The authors build a

model of educational choice in which individuals maximise their utility over

a lifetime. Households are included and are assumed to have differential

costs of borrowing but the model does not specify the relationship between

the household and its members, nor how borrowing by a younger member

to pay for schooling investments might be repaid. I thus use Card’s (2001)

model of individual decision making and highlight issues of relevance to the

Tanzanian context.
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In this model individuals are assumed to experience a disutility of school-

ing compared to work φ(t) that is convex in the schooling level and make a

once and for all decision to leave school and begin working. Card specifies

life cycle utility as

V (S, c(t)) =

∫ S

0
(u(c(t)− φ(t)))e−ρtdt+

∫ ∞
S

u(c(t))e−ρtdt. (4.1)

An individual is assumed to be able to borrow or lend at a fixed interest

rate R, pay tuition costs T (t), earn p(t) in part time earnings and y(S, t) in

full time earnings where S is the level of schooling and t is the age of the

individual. As a result of the assumption of no credit constraints there is

simply a inter-temporal budget constraint, which Card (2001) writes as

∫ ∞
0

c(t)e−Rtdt =

∫ S

0
(p(t)− T (t))e−Rtdt+

∫ ∞
S

y(S, t)e−Rtdt. (4.2)

It is then possible to form a Langrangian for the choice of the optimal

schooling level and optimal consumption path:

Ω(S, c(t), λ) =V (S, c(t))− λ(

∫ ∞
0

c(t)e−Rt

−
∫ S

0
(p(t)− T (t))e−Rtdt−

∫ ∞
S

y(S, t)e−Rtdt). (4.3)

The optimal schooling level is found from the first order condition for S:

ΩS(S, c(t), λ) = λe−RS(MB(S)−MC(S)), (4.4)

where

MB(S) =

∫ ∞
0

∂y(S, S + τ)/∂Se−Rτdτ (4.5)
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and

MC(S) = y(S, S)− p(S) + T (S) + 1/λe−(ρ−R)Sφ(S). (4.6)

The marginal benefit of schooling is the extra earnings it brings at every date

in the future, discounted to the present as in equation (4.5). The marginal

cost of schooling is foregone earnings (ameliorated by part-time earnings

while in school p(S)), tuition costs T (t), and its inherent disutility relative

to work, the so-called “psychic costs” of schooling which Cunha et al. (2005)

argue are actually an important part of schooling decisions.

Card (2001) assumes that log earnings are additively separable in edu-

cation and labour market experience, implying that y(S, t) = f(S)h(t− S),

where t−S is a rough measure of labour market experience1. Now marginal

benefits are expressed in equation (4.5) as a function of y(S, S + τ), so this

and the separability assumption imply that y(S, S+τ) = f(S)h(S+τ+S) =

f(S)h(τ). Hence it is possible to write the marginal benefit as

MB(S) = f ′(S)

∫ ∞
0

h(τ)e−Rτdτ = f ′(S)H(R), (4.7)

where H(R) is defined by Card as a decreasing function of the interest rate.

Card (2001, pg. 1130) notes that if “MC(S) rises faster than MB(S),

a necessary and sufficient condition for an optimal schooling choice is that

MC(S) = MB(S).” The assumption that MC(S) rises faster than MB(S)

guarantees an interior solution and hence that the equality of marginal costs

and benefits is a necessary and sufficient condition for an optimal schooling

1This assumes no prolonged periods of unemployment.
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choice. This condition implies

f ′(S)/f(S) = 1/H(R){1 + (T (S)− p(S))/f(S) + 1/λe−(ρ−R)Sφ(S)/f(S)}.

(4.8)

Card (2001) notes that if the earnings experience profiles are concave

then H(R) = 1/(R − g), where g is the constant growth rate of earnings

that gives the same value of discounted lifetime earnings as h(t− S). Card

(2001) then assumes part time earnings while at school are roughly equal to

tuition costs which then implies the optimal schooling decision is given by

f ′(S)/f(S) = R− g + ρe−ρSφ(S) ≡ d(S). (4.9)

The left hand side is the proportional increase in earnings per year for the

Sth year of schooling. The right hand side is the marginal cost of schooling,

which in simpler models is the interest rate, but in this model is modified

due to life-cycle earnings growth g and disutility of the Sth year of schooling

relative to work.

Card (2001) notes that individual heterogeneity can be due to differences

in benefits or costs, which he specifies as

f ′(S)/f(S) = bi − k1S (4.10)

for benefits, with k1 > 0, and as

d(S) = ri + k2S (4.11)

for costs, with k2 > 0. Equation (4.10) implies that returns to education are

concave, with the marginal benefit declining with education level. Equation
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(4.11) gives a simple linear expression of the disutility of school relative to

work that is increasing in the schooling level. ri represents heterogeneity

in R the interest rate or g the growth rate in lifetime earnings as a result

of accumulated labour market experience. Card (2001) does not explicitly

mention which of these it represents but it certainly does allow for interest

rates to differ across individuals. It is assumed to be a random variable.

The model could actually thus be interpreted as allowing credit constraints

to affect some individuals, as is likely to be the case in Tanzania.

Equating these costs and benefits, Card (2001) obtains the optimal

schooling level:

Si = (bi − ri)/k, (4.12)

where k = (k1 + k2) and k > 0, because of the assumptions made about k1

and k2. Card (2001) notes that his assumptions generate an optimal level

of schooling that is linear in the individual specific heterogeneity terms,

which plays an important part in his later analysis. An obvious question

is why there is no heterogeneity in the k1S part of the marginal benefits.

Card (2001) does not mention this but it would imply an optimal level of

schooling that was non-linear in (what would become) the three individual

heterogeneity terms. It would seem this is the reason Card (2001) does not

include such heterogeneity in his model. He does allow the heterogeneity in

returns to be correlated with schooling, however, so the model does actu-

ally allow for a fairly general effect of individual heterogeneity on marginal

returns.

Integrating equation (4.10) implies the following model of earnings

logyi = αi + biSi −
1

2
k1S

2
i . (4.13)
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The model specified in equation (4.13) ignores determinants of earnings

other than experience and education, but I do include these other determi-

nants in my estimation of the returns to education in section 4.7. In the

following section I discuss the Card (2001) model, after which I explore the

ways researchers have used equation 4.13 to estimate the returns to educa-

tion, in section 4.4.

4.3.1 Some Remarks on Card’s model

Card’s (2001) model assumes returns to be a non-linear concave function

of education. The assumption of concave returns is not necessary, however,

to generate an interior solution in this model. Costs would still rise faster

than benefits in the case of increasing convex returns, if k2 > k1, which

could still generate an interior solution2. This is relevant because in the

estimation section below I find some evidence that there are convex returns

to education in Tanzania and I do not want this to invalidate my use of

Card’s (2001) model, and the estimation techniques it suggests, or those of

other authors his model has inspired.

Although Card (2001) makes certain assumptions about the earnings

function in his model, including the separability of education and experi-

ence and the concavity of the relationship between education and earnings,

he is agnostic about how schooling is translated into earnings. Card notes

that the returns to schooling may be generated by schooling enhancing pro-

ductivity, as in Becker’s (1962) human capital model, but also mentions that

the returns to education may result from its value as a signalling device as

in Spence (1973); where individuals obtain costly education to signal their

abilities to potential employees, but in which education generates no pro-

2This point is also made by Florens et al. (2008)
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ductivity enhancing human capital. In this case the returns to education

are not necessarily reflective of the skills or productive capacity individuals

have acquired through education and Card’s (2001) model allows for this

possibility. This is relevant in the Tanzanian case, where much of the return

to tertiary education seems to come from being able to access public sector

employment, implying that tertiary education is not necessarily generating

higher productivity levels.

The model I developed in the previous chapter suggests another avenue

for education to influence earnings, if education increases self-employment

productivity. Although I did not model this explicitly, the model predicts

earnings would increase for any individual if their education level was raised.

This would occur either through a direct effect of increased productivity and

earnings in self-employment, or by raising the outside option for those in

wage employment. In the following section I explore some of the different

strategies that have been adopted to estimate the returns to education in

the presence of heterogeneity in returns to education.

4.4 Strategies for Estimating the Returns to Ed-

ucation

4.4.1 The Treatment Effects Framework

Attempts to estimate equations similar to equation (4.13), which has both an

individual-specific intercept term and an individual-specific slope coefficient,

have spawned an extremely large body of work, which has become known as

the treatment effects literature. As I discussed in section 4.2, this was first

developed in models similar to the one presented above but with a focus on

an individual specific coefficient on a dummy variable that represented the
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effect of some “treatment”, like participation in a labour market training

programme. Much of recent microeconometrics has been concerned with

understanding what it is possible to estimate with models of this nature

(Heckman 2001). In this section I introduce the treatment effects framework,

starting with the case of a simple binary treatment, and then extending this

to multiple treatments, as is the case for education.

In a simple binary treatment effects framework, with a binary treatment

w, individuals have a potential outcome y1 under treatment and an outcome

y0 without treatment. The researcher wishes to estimate the difference be-

tween these two. Individuals, however, are not observed in both states, so

it is impossible to obtain a counterfactual to assess how an individual who

benefitted from a particular policy would have fared without the introduc-

tion of the policy, and vice versa. The other important issue is that y1−y0 is

individual specific, which implies that there is self-selection into treatment.

Individuals who benefit more from treatment are more likely to obtain treat-

ment and this creates an endogeneity problem when attempting to estimate

the effects of treatment.

A key implication of individual differences in outcomes that has been

emphasised in the treatment effects literature, is that there are several pos-

sible effects one could potentially estimate (Wooldridge 2002). Candidate

effects include the average treatment effect (ATE), which is the expected

value of the difference between the outcome under treatment and without

treatment over the entire population. In the case of a binary treatment this

is ATE ≡ E(y1 − y0). This has been criticised by Heckman (1997), who

argued that this is unhelpful for policy analysis, since, to use Heckman’s

example, the responses of millionaires would then be included in the effects

of a training programme. Wooldridge (2002), however, argues that this is
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not really a valid objection because one can easily limit the population one

is studying.

An alternative is the average treatment effect on the treated (ATET),

which is the expected value of the treatment for those who actually took

it: ATET ≡ E(y1 − y0|w = 1). Another alternative is the local average

treatment effect (LATE), first outlined by Imbens and Angrist (1994), which

is the average effect of treatment for the members of the population who

were induced to change their treatment status as a result of a change in

some instrumental variable that affects treatment status.

When moving from a binary to a multi-valued treatment defining both

the ATE and LATE can be more complicated. It is not obvious what the

counterfactual is because there are many possibilities (Wooldridge 2002).

In the case of a so-called a random coefficients model, like equation (4.13)

above, the ATE is the average partial effect (Wooldridge 2002). In the model

outlined in section 4.3 this would be defined as ∂E(y|S; a, b)/∂S = E(bi)+k1,

taking the expectation over the entire population (Florens et al. 2008). This

implies that there is not one ATE of education, as in the binary treatment

case. Instead, the ATE varies with the level of treatment.

4.4.2 The Implications of Heterogeneous Returns for Esti-

mation of the ATE of Education

Having introduced the treatment effects framework and having noted the

implications of heterogeneity in treatment, particularly self-selection into

treatment and the resulting endogeneity, as well as that there are several

possible treatment effects to estimate, in this section I explore the implica-

tions of Card’s model of heterogeneous returns to education for attempts to

estimate the ATE of education.
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In using Card’s model to estimate the ATE of education, equation (4.13)

can be written as

logyi = a0 + bSi −
1

2
k1S

2
i + ai + (bi − b)Si. (4.14)

It is clear from equation (4.14) that self-selection would also be a con-

cern if one used this to estimate the returns to education. The presence of

individual heterogeneity in both the intercept and the slope of the earnings

function introduces correlation between the error term and years of schooling

and means that estimating E(bi) + k1, the ATE, using OLS is not possible.

Finding an estimation procedure that can consistently estimate the ATE

would thus be an important step forward.

Instrumental variables is the most commonly used estimation strategy to

tackle endogeneity and ability bias. Card (2001) explores this approach in

the context of his model of endogenous schooling with heterogeneous returns

and assumes the existence of a set of instrumental variables related to the

marginal cost of schooling:

ri = Ziπ1 + ηi, (4.15)

with ηi containing other unobserved cost and taste factors. The optimal

schooling decision (4.9) can then be rewritten as

Si = Ziπ+ξi, (4.16)

where ξi is a function of bi − b, the parameter governing heterogeneity in

returns to education.

Many studies estimating the returns to education incorporate hetero-
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geneity only in the intercept term of the returns to education equation. If

this is true and bi = b then IV can be used on the simultaneous equations

system (4.14) and (4.16), if Zi and ai are uncorrelated. This was how the

earlier literature from the 1990s attempted to deal with endogeneity con-

cerns, as was discussed in section 4.2.

IV cannot be used to estimate the ATE of education in the heterogeneous

returns case (when b is not constant) without further assumptions, however,

since Zi could be correlated with (bi− b)Si in the income equation, equation

(4.14). This understanding, along with a belief that the homogeneity of

returns assumption (bi = b ∀ i) is too strong, has meant that the literature

estimating the returns to education has followed several different paths. I

discuss each of these below and then outline the estimation strategy I follow.

4.4.3 The LATE interpretation of IV

The first possible option is to abandon attempts to estimate an ATE and

instead to ask what IV can estimate if Zi is correlated with the unobserved

ability terms (Card 2001). This was first investigated by Imbens and Angrist

(1994) in the context of a binary treatment and extended for the case of a

multi-valued treatment (such as education) by Angrist and Imbens (1995).

Imbens and Angrist (1994) suggest an non-parametric alternative to the

homogeneity assumption, the monotonicity assumption, which is sufficient

to identify a local average treatment effect (LATE), in the case of a binary

treatment, and what they term an average causal response (ACR), in the

case of a multi-valued treatment (Angrist and Imbens 1995). I follow the

subsequent literature in also referring to the ACR as a LATE.

I noted above that the LATE is more complicated in the case of a multi-

valued treatment and thus defining it requires slightly different notation.
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Assume Z is a binary instrument measuring whether an individual was ex-

posed to the pre- or post-reform educational system. Following Angrist and

Imbens (1995), let SZ ∈ {0, 1, 2, ..., J} be completed years of schooling for

Z ∈ {0, 1}. Angrist and Imbens (1995) assume that SZ exists for each per-

son both pre- and post-reform, even though only one SZ is observed. Thus

S0 is number of years of education pre-reform and S1 is years of education

post-reform. They further assume that the random variables S0, S1, Y0, Y1,

...YJ are jointly independent of Z, at least after conditioning on covariates,

a non-parametric version of the usual uncorrelatedness assumption when

using IV. The other assumption is monotonicity: with probability 1 either

S1 − S0 ≥ 0 or S1 − S0 ≤ 0 for each person. This means that the instru-

ment does not generate an increase in treatment for some individuals and a

decrease for others.

Under these assumptions Angrist and Imbens (1995) then go on to prove

that the instrumental variable estimator first suggested by Wald (1940) is a

weighted average of the treatment effects in the population:

E[Y |Z = 1]− E[Y |Z = 0]

E[S|Z = 1]− E[S|Z = 0]
=

J∑
j=1

ωjE[Yj − Yj−1|S1 ≥ j > S0], (4.17)

where

ωj =
P (S1 ≥ j > S0)∑J
i=1 P (S1 ≥ i > S0)

. (4.18)

This result is obtained from a very general model. The model allows for

heterogeneous effects of education, as well as the possibility of non-linearities

in education, and the estimated coefficient on the S term is a weighted

average of all these effects. It, however, does not provide direct evidence on

the type of heterogeneity in returns or the shape of the earnings function,

because the differing treatment effects for all individuals whose treatment
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status was affected by the reform are aggregated together. This simple result

is also obtained without covariates. This is partly addressed by Angrist and

Imbens (1995), who allow for discrete covariates in a fully saturated model.

The result becomes more complicated with continuous regressors (Abadie

2003), though two-stage least squares provides an good approximation in the

binary treatment case (Angrist and Pischke 2009). Card (2001), amongst

others, simply assumes this is also true in the multiple treatment case and

I follow him in assuming my two-stage least squares estimates approximate

the LATE in a model with heterogeneous, multi-valued treatment effects

and covariates.

Monotonicity is a crucial assumption in obtaining these results. Angrist

and Imbens (1995) show that the estimated treatment effect can be negative

or zero if this assumption does not hold, even if the treatment effect for all

individuals is positive, and illustrate this in the case of a binary treatment

variable and a binary instrument. To do this Angrist and Imbens (1995)

compare outcomes for different values of the instrument:

E[Y |Z = 1]− E[Y |Z = 0] =E[Y0 + (Y1 − Y0)S1|Z = 1]

− E[Y0 + (Y1 − Y0)S0|Z = 0].

(4.19)

Since the other random variables are independent of Z by assumption,

the mean conditional on Z is the same as the unconditional mean, implying

that the right-hand side of equation (4.19) can be written as

E[(Y1 − Y0)(S1 − S0)], (4.20)
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which, by the law of iterated expectations, means that

E[(Y1 − Y0)(S1 − S0)] =E[Y1 − Y0|S1 − S0 = 1]P [S1 − S0 = 1]

− E[Y1 − Y0|S1 − S0 = −1]P [S1 − S0 = −1].

(4.21)

Those who do not change their schooling due to the instrument, those for

whom S1 − S0 = 0, “do not contribute anything to comparisons of average

outcomes by instrument status” (Angrist and Imbens 1995, pg 434). Those

who contribute include those who are induced by the reform either into

treatment, if they were previously not treated, or out of treatment, if they

were previously treated. Equation (4.21) shows this average value could be

negative or zero, even if treatment effects are positive for each individual.

This is why the requirement of monotonicity is so important. In this example

monotonicity would imply either P [S1 − S0 = 1] or P [S1 − S0 = −1] is zero

and thus the remaining non-zero term would be the only contributor to the

(positive) average value of treatment. A similar argument holds for multi-

valued treatments (Angrist and Pischke 2009). I discuss this further in the

context of the Tanzanian reform in section 4.6.2.

The LATE has been criticised because it estimates the effect of treatment

for those who were induced into changing their education level as a result of

the effect of the instrument which was used, as I explained in the previous

paragraph, which is generally an unidentifiable sub-population (Heckman

1997). This means that the estimated LATE will vary with the instrument

used and that there are potentially many different LATEs that could be es-

timated, depending on which instruments are available and used. Heckman

(1997) further argues that defining a parameter of interest by an instrument

not part of the outcome equation is unusual and bad practice, whilst Heck-
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man and Vytlacil (2005) argue that the policy question being investigated

when a LATE is estimated is often not clear. Despite this, the LATE is very

simple to estimate, allows for heterogeneous treatment effects and requires

no parametric assumptions, all of which have made it extremely popular.

As I discussed in section 4.2, Card (2001) uses the LATE to provide an

explanation for why many of the IV estimates in the returns to education

literature are actually above the OLS estimates. He argues that the edu-

cational reforms used as instruments in many studies, such as changes to

the costs of education, predominantly affect those with low education and

higher marginal costs of education. I have shown above that the LATE is

weighted by the returns to the levels of schooling of those induced by the

instrument to take more schooling. If these individuals have low schooling

and higher returns, as is the case in Card’s (2001) model of concave returns

to education, then this explains why estimates of the LATE may be higher

than the ATE in the population.

4.4.4 Stronger Assumptions for IV

If one does not want to abandon efforts to estimate an ATE, then one option

is to find assumptions under which IV still produces a consistent estimate

of the ATE of education (Wooldridge (1997), Heckman and Vytlacil (1998),

Card (2001), Wooldridge (2003)). It is not impossible for IV to recover a

consistent ATE under heterogeneous returns to education, but one needs

assumptions that are stronger than the usual uncorrelatedness assumption.

Wooldridge (1997) assumes homoscedasticity of returns in a linear returns

to education model and shows that the ATE can be consistently estimated

if, in addition, the individual heterogeneity terms are assumed mean inde-

pendent of Zi. In general for a random variable u to be mean independent
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of X it must be the case that E(u|X) = E(u). It is a stronger assumption

than uncorrelatedness (E(uX) = 0) and implies that not only is u uncor-

related with X but also that u is uncorrelated with any other non-linear

function of X. This effectively implies that the conditional mean of Si is

correctly specified in the first stage regression (Wooldridge 2002), a fairly

strong assumption.

In terms of the model I set out above the assumptions required are that

E[ξ2
i |Zi] = σ2

ξ (homoscedasticity) and that the conditional expectation of

bi − b is linear in the schooling residual:

E[(bi − b)|Si, Zi] = ψ0ξi. (4.22)

This means that the conditional mean of the ability that affects the returns

to education is not correlated with either education or the instruments once

the schooling residual is controlled for. Under these assumptions the condi-

tional expectation of the final term in equation (4.14) can be shown to equal

ψ0σ
2
ξ , so that

E[logyi|Zi] = a0 + bZiπ −
1

2
k1(Ziπ)2 + (ψ0 −

1

2
k1)σ2

ξ (4.23)

The last term in the conditional expectation is a constant and does not

depend on Zi which implies that the ATE can be consistently estimated.

Unfortunately the assumptions put forward by Wooldridge (1997) are

unlikely to be satisfied in the case of an instrument that affects the supply

side of schooling. Card (2001) argues that the effect of these reforms is

to alter the mapping between ability and schooling, implying that there

will be a correlation between (bi − b)Si and Zi, and violating assumption

(4.22) above. In addition, he argues that the effect of reforms that lower the
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marginal cost of schooling will be to lower the effect of cost differences ri

(in equation (4.15) above), and that this will lower the variance in ξi post-

reform, which violates the homoscedasticity assumption Wooldridge (1997)

makes.

Wooldridge (2003) provides some slightly weaker assumptions than his

earlier paper, under which two-stage least squares consistently estimates

the ATE, but also acknowledges that one of his key assumptions may not

hold for the same reasons pointed out by Card (2001) and explained above.

As a result of this research I do not interpret my two-stage least squares

estimates of the returns to education in section 4.7 as average treatment

effects. Instead, following Angrist and Imbens (1995) and Card (2001), I

interpret these as LATEs.

4.4.5 The Control Function Approach

The final option I discuss is the control function approach to estimating an

ATE, Card (2001), Blundell et al. (2005), which has an advantage over IV

in being able to consistently estimate an ATE, even when the assumptions

required for IV to consistently estimate an ATE do not hold. This approach

does, however, require parametric assumptions about the correlation be-

tween unobservables in the earnings (4.14) and schooling (4.16) equations

and then the inclusion of functions in the earnings equation that capture

these assumed relationships (Card 2001). This solution was first introduced

by Garen (1984), who showed the exact form the control function should

take in the binary treatment case.

Garen (1984) also showed that there was a similar approximate solution

when the treatment variable was assumed continuous and when there was

no heterogeneity in treatment effects. This was expanded by Card (2001),
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whose solution can give a consistent estimate of the ATE even in the presence

of heterogeneity in treatment effects and a change in the mapping between

schooling and ability, which Card (2001) argues will make the estimates

of the IV method proposed in Wooldridge (1997) inconsistent. This does,

however, come at the cost of extra parametric assumptions compared to the

IV approach discussed above.

The assumptions required for consistent estimation of the average treat-

ment effect of schooling in the continuous education model, following Card

(2001), are that ai, bi and ξi are mean independent of Zi, the reform used

as the instrument, and also that the conditional expectations of the unob-

served ability components are linear in the residual (ξi) from the first stage

schooling regression. These can be written as

E[bi − b|Si, Zi] = ψ0ξi (4.24)

and

E[ai|Si, Zi] = λ0ξi. (4.25)

The first of these is identical to the assumption required for IV to es-

timate the ATE, equation (4.22) above. These equations imply that the

earnings ability components are not correlated with schooling or the instru-

ment but are linear functions of the schooling residual, which can be thought

of as a combination of schooling ability and unobserved schooling costs.

These assumptions imply

E[logyi|Si, Zi] = a0 + bSi +
1

2
k1S

2
i + λ0ξi + ψ0ξiSi, (4.26)

which can then be estimated using the predicted residual from the first stage
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regression of Si on Zi, see equation (4.16) above. Since one is estimating

the residual and then using this estimate in the second stage, the standard

errors in the second stage regression are not correct, as they do not take

into account the uncertainty in the estimation of the residual. Bootstrap-

ping can, however, generate the correct standard errors (Wooldridge 2002).

The restriction that the conditional expectation is linear in the schooling

residual can be relaxed by adding non-linear terms in the schooling residual

to equation (4.26), as in Söderbom et al. (2006).

The control function requires an extra linear conditional expectation

assumption compared to the IV method discussed above, equation (4.25). I

noted above that when there are changes in the mapping between abilities

and schooling, that a major reform on the supply side is likely to bring,

equation (4.24) is unlikely to hold. A simple extension when there is a

binary reform is to allow the conditional expectation to be linear before and

after the reform but to have a different coefficient for each period (Card

2001). Thus equations (4.24) and (4.25) become

E(bi − b|ξi) = ψ00(1− Zi))ξi + ψ01(1− Zi))ξi (4.27)

and

E[ai|Si, Zi] = λ00(1− Zi)ξi + λ01(1− Zi)ξi. (4.28)

These imply that

E(log(yi|Si, Zi)) =a0 + bSi − 1/2k1S
2 + λ00ξi − (λ01−

λ00)Ziξi + ψ00Siξi + (ψ01 − ψ00)ZiSiξi.

(4.29)

In section 4.7 below I estimate an ATE using the control function approach

and equation (4.29), as well as using two-stage least squares to attempt to
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estimate a LATE.

An important conclusion from the discussion above is that if one wishes

to move beyond estimating the LATE with IV, and instead use the control

function approach to find the ATE, then this comes at the cost of imposing

fairly strong parametric assumptions. Some of these can be relaxed, but

even then other strong assumptions are still required. In particular, mean

independence of Z from ξ implies that one has correctly specified the con-

ditional mean of the schooling equation (Wooldridge 2002). This is much

stronger than the assumption of uncorrelatedness of Z and ξ, that is re-

quired for IV to consistently estimate the return to education when there is

no heterogeneity in returns.

To see how mean independence might be violated, assume that schooling

is determined by the instrument Z, as well as another variable X that is not

correlated with schooling ability but which is unobserved to the econome-

trician:

Si = Ziπ +Xiγ + ξi. (4.30)

As before,

logyi = a0 + bSi −
1

2
k1S

2
i + ai + (bi − b)Si. (4.31)

When Xi is an omitted variable in the first stage, the composite unob-

servable schooling error term from the first stage regression is

ξ̂i = Xiγ + ξi. (4.32)

Xi being an omitted variable implies E(ξ̂i|Zi) 6= 0, if Xi is correlated with

Zi, and thus mean independence is violated.
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4.5 Tanzanian Education Reform

In this section I describe an education reform introduced in Tanzania in the

1960s that provides a source of exogenous variation in education which can

potentially be used to consistently estimate the average treatment effect of

education when there is heterogeneity in returns. Tanzania gained its inde-

pendence from Britain in 1961 and inherited an education system consisting

of four years of primary school and four years of middle school. Another

four years of secondary school were required to obtain O levels and a further

two were required to obtain A levels.

The “Five Year Plan” for 1964-1969 was the first attempt at develop-

ment planning by the new ruling party, the Tanganyika African National

Union (Morrison 1976). This plan had goals of self sufficiency in trained

‘manpower’, increasing per capita income from 20 to 45 pounds per year,

and an increase in life expectancy from 35 to 50 years, all by 1980. A major

reform in the mid 1960s, undertaken as part of the first “Five Year Plan”,

did away with middle school and made primary school seven years, replacing

the previous system of four years of primary and then four years of middle

school (Morrison 1976). The reform was implemented over a three year pe-

riod between 1965 and 1967, first in cities, then in one group of rural regions

and then in another group of rural regions (Ministry of Education, Tanza-

nia 1960-1969). The entrance exam into Standard five was also “virtually

abolished in towns and cities by 1966”, though it took several more years

for it to be abolished in rural areas (Morrison 1976).

The key result of these reforms was that the majority of children now

obtained seven, rather than four years of education. Another consequence

of the reforms was that all those who started secondary school post-reform

obtained one year less of education than they would have had pre-reform.
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In my estimation below I use this reform as a source of exogenous variation

in the number of years of schooling to estimate an ATE and LATE.

Subsequent to these reforms being tabled, and whilst they were being

implemented, the Tanzanian president, Julius Nyerere, published further

plans for reform, which he entitled “Education for Self-Reliance” (Morrison

1976). Nyerere criticised the education system for hampering Tanzania’s de-

velopment as a socialist country and linked the extension of primary school

to seven years to dramatic changes in schooling curricula, to be designed

to prepare students for the realities of agriculture that Nyerere argued they

were most likely destined to find employment in. Morrison (1976) notes,

however, that the changes implemented were actually much smaller than

Nyerere envisaged, mainly because of a lack of funding for their implemen-

tation and teachers who were unable or unwilling to implement the changes,

with Sabot (1979) noting that the Tanzanian educational system “has an

inherent inertia.”

Dramatic changes in the education curricula around the time of the re-

form would make my analysis problematic, since I could then be capturing

the effects of these changes, rather than the increased years of schooling that

many Tanzanians acquired post-reform. The evidence reviewed in the previ-

ous paragraph suggests that these changes were less important than Nyerere

had hoped, however, and hence that my estimation strategy, described above

in section 4.4, is still robust.

To explore the impact of these reforms on educational attainment I ob-

tained data on enrollment during the time of the reform period from the

Ministry of Education Annual Reports (Ministry of Education, Tanzania

1960-1969). From these data I can obtain a measure of educational attain-

ment by taking the enrollment in a particular grade, in a particular year
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and subtracting the number of enrollments in the next school grade in the

following year. This is a rough measure of educational attainment since the

next years’ enrollment in a particular grade includes those repeating that

grade, as well as those who may have stopped school for a year and are now

returning. Nevertheless, Figure 4.1 shows the expected outcomes obtain; the

reform drastically reduced the number of individuals obtaining four years

of primary school, increased the number finishing seven (rather than eight)

years of primary school (primary plus middle in the case of those who ob-

tained eight) and reduced the number obtaining eight years of primary plus

middle school to zero.

4.6 Data source and Description

In this chapter I make use of the Tanzanian Integrated Labour Force Sur-

veys (ILFS) from 2001 and 2006 to estimate the returns to education in

Tanzania. These are cross-sectional, nationally representative surveys and

were discussed in more detail in the previous chapter of this thesis. I do not

make use of the 2006 population weights because the 2001 weights are not

publicly available.

One important limitation of the ILFSs is that income data were not

collected for those engaged in rural agriculture. In addition, most of those

engaged in agriculture in urban areas engaged in home production rather

than for market and imputed incomes were also not recorded, nor was there

sufficient information asked to calculate these. I am thus forced to ignore

agricultural earnings in this chapter and estimate the returns to education

for the sub-population of urban workers in non-agricultural employment,

which is much smaller than the total population. As explained in the previ-

ous chapter, I continue to use gross income minus expenses as my measure
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of self-employment earnings, adjusted for inflation using the HBS deflators.

4.6.1 A brief description of the data

I now provide a brief description of the data from the 2001 and 2006 ILFS

surveys, limiting the sample to those aged between 15 and 65 inclusive at

the time each survey was conducted. Table 4.1 shows labour force partic-

ipation and employment levels in Tanzania over the two surveys, both for

the full sample between the ages of 16 and 65 (columns 1 and 3), and the

sample of earners used in the regression analysis (columns 2 and 4). The

table shows that, conditional on participation, unemployment is extremely

low, a phenomenon common to many countries in sub-Saharan Africa, al-

though not to South Africa (Kingdon et al. 2006). The earner sample is

predominantly male, reflecting Tanzanian women’s roles in home, rather

than market, production. The average level of education in both samples is

slightly higher than completed primary. As a result of agricultural earnings

not being captured in the ILFSs, urban dwellers are over-represented in the

earner sample.

Table 4.1 also gives occupational breakdowns, showing that Tanzania is

predominantly an agricultural economy, with subsistence agriculture being

by far the most common form of employment. The share of government

employment in total employment seems stable, but self-employment with no

employees seems to have an substantially increased share over the period.

Table 4.1 shows that approximately 12 percent of the 2001 sample faced

the pre-reform educational system and that this had decreased to 10 percent

percent in 2006, both as a result of an ageing population and the cut-off

I impose in limiting the analysis to those younger than 65 years of age.

Figure 4.3 shows that education levels are higher in urban areas (for those
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aged between 15 and 65 in both surveys)3. Figure 4.4 further shows that

education levels are higher amongst the population of earners, again because

of the urban bias of the earner sample.

As I noted above, I am forced to limit my multivariate analysis to those

either in wage employment or non-agricultural self employment, although my

sample is still more representative than previous studies using Tanzanian

data, which used only urban manufacturing employees (Söderbom et al.

(2006), Knight and Sabot (1990)). Thus I am estimating the return to

education for a sample of earners who have higher incomes and education

levels than the average Tanzanian. Selection into earnings when using IV

has generally been ignored in the literature for the US and other developed

countries. It has been incorporated into models that estimate the returns to

education in some other contexts (Chen and Hamori 2009), but this area of

research does not yet allow for parameter heterogeneity as well as selection.

As a result I do not undertake selection correction in this chapter and thus

I am estimating the returns to education for a sub-sample of the working

population, albeit one that is more representative than has been used in

other work on Tanzania to date.

Table 4.2 shows how median earnings vary by education level and sug-

gests a positive relationship between earnings and education4. Table 4.2

also shows median earnings levels by occupation, with government employ-

ees earning the highest on average, followed by the self-employed with em-

ployees, wage employees in private firms and then the self-employed with no

employees. The data show stagnant real earnings over the period. This is

suprising given that the World Bank records that Tanzania had real GDP

3The average difference is about two years in both surveys.
4The collapse in earnings for those with 15 or more years of education from 2001 to

2006 is likely the result of the small number of earners in the category.
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growth of higher than 6 percent over the period (World Bank 2009) but is not

inconsistent with the Household Budget Survey, which showed that poverty

fell only very marginally between 2000 and 2007 and that this fall was not

statistically significant (National Bureau of Statistics, Tanzania 2007).

4.6.2 Measuring Educational Attainment and the Effect of

the Education Reform

In calculating individual years of education in the previous section I used

specific questions on educational attainment from the 2001 and 2006 ILFSs.

There were 17 codes for the level of education an individual had completed:

pre-primary, standards 1-8, forms 1-6, tertiary non-university and tertiary

university. Standard eight was the last year of middle school in the pre-

reform education system. As a result of the education reform middle school

was removed and seven years of primary school introduced. Accurately

translating the survey information into actual years of completed schooling

requires overcoming challenges posed by the survey data.

I noted above that the enrollment data from the Tanzanian Ministry of

Education, shown in Figure 4.1, indicates that before the reform there was

almost no one stopping school after completing standard seven, which was

one year before the end of middle school. It also shows that post-reform

there was no one stopping school after completing standard eight, which

had been abolished. Pre-reform, the end of primary school (four years)

was where the majority of children stopped school and the end of extended

primary school (seven years) was where the majority of children stopped

school post-reform.

The ILFS data, however, do not show the same situation. Figure 4.2
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shows educational attainment data from the 2006 ILFS5. The “before” bars

show that, for individuals whose age indicates they could have completed

middle school before the reform (assuming that all individuals started school

at age six, did not repeat any standards and correctly reported their age),

those who report completing standard seven are nearly as numerous as those

completing standard four. Figure 4.2 also shows that, for individuals who

faced the pre-reform system, about half the number of those who report

completing standard four completed standard eight. Thus the ratio of seven

years to four years to eight years of education in the ILFS data is roughly

2:2:1. This is not consistent with the pre-reform educational attainment

reported by the Ministry of Education in Figure 4.1, which shows that almost

no one completed seven years of primary school pre-reform and that the ratio

is roughly 0:5:1, depending on which year one uses (I only have data going

back to 1961).

If individuals were much slower in reaching four, seven or eight years of

education, then this could explain some of these individuals obtaining fac-

ing the post-reform system and obtaining seven years of education, despite

being of an age that suggests that they should have faced the pre-reform

system. I suspect, however, that most of the explanation for this difference

is measurement error in the ILFS surveys generated by confusion of the sur-

vey enumerators about the length of primary school. I believe that some

enumerators may have asked whether respondents had completed primary

school and, if the answer was yes, they may have simply written down that

the respondent had completed standard seven, without establishing whether

completing primary meant four years under the old system or seven years

under the new system6. If I re-assign four years of education to those who

5The 2001 survey data shows a similar pattern.
6I have undertaken a similar labour market survey for the Centre for the Study of
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are reported to have seven years, but whose age makes them likely to have

undergone the pre-reform system, based on the assumptions I am required

to make and which I discussed above, I find that the pre-reform ILFS data

match the Ministry of Education figures more closely, with a ratio of roughly

0:4:1, and so I continue to use this solution throughout the chapter.

4.6.3 The Tanzanian education reform and the Monotonicity

assumption

In section 4.2 I noted that researchers were aware measurement error in edu-

cation could bias the results of OLS, even without the endogeneity problems

that result from the presence of unobserved individual heterogeneity. IV was

thought to correct measurement error in education (Cameron and Trivedi

(2005), Card (1999)) and findings that IV estimates were higher than OLS

were often attributed to IV correcting for measurement error (Card 2001).

Card’s (2001) alternative explanation is that heterogeneity in the returns

to education meant IV was estimating a LATE rather than an ATE and I

noted that given the stringent conditions required to estimate an ATE with

IV, I wish to interpret my 2SLS estimates below as LATEs.

It should be clear from the discussion above, however, that monotonicity,

the key assumption required to be able to consistently estimate a LATE,

does not hold in the case of the Tanzanian education reform. Most of the

individuals for whom the reform created an exogenous shift in education, as a

result of facing the post-reform system, obtained seven instead of four years

of education. All those who obtained any level of high school education

obtained one year less than if they had done the same in the pre-reform

African Economies in Tanzania, that asked a similar question about educational attain-
ment. In training enumerators for the survey I found that the majority were unfamiliar
with the pre-reform education system, which lends some support to my hypothesis
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system, however, because primary schooling was reduced by one year. This

means that although most individuals who changed their educational status

as a result of the reform obtained more education, some obtained one year

less.

In section 4.4.3 I showed, for the binary treatment case, that the violation

of monotonicity can lead to estimated treatment effects that are zero or even

negative, despite treatment effects being positive for all individuals. This

is also true for multi-valued treatments like education (Angrist and Pischke

2009). In practice, however, this violation of monotonicity may not be quite

as serious in the case of the Tanzanian reform. Only those who obtained

at least seven years of education had a year less as a result of the reform,

and of these Figure 4.2 suggests a large majority would have 12 years (after

completing O levels). One year less of primary education for these individ-

uals would arguably have only a very small impact compared to the effect

of education increasing from four to seven years, as would have occurred

for the majority of those affected by the reform. I suggest that although

LATE may still be biased downwards, as a result of the negative weighting

for those who obtained less education and the violation of monotonicity, this

bias is likely to be small.

4.7 Estimating the returns to education

Having explored the data, and having described some concerns about them,

I begin the multivariate analysis by ignoring potential biases due to un-

observed heterogeneity in ability and returns, and follow Mincer (1973) in

using a semi-logarithmic specification of the earnings equation, which I es-

timate using OLS. In addition to years of completed education, I include a

measure of age, age at reform year, and its square as a proxy for the rela-
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tionship between earnings and labour market experience, and also interact

this with a gender dummy, which I find to be important. I also include an

urban dummy.

Table 4.3 shows results for 2001 and Table 4.4 shows 2006 results. The

second column of each table follows much of the developed country literature

and forces returns to education to be linear, showing a constant marginal

return of 14 percent a year in 2001 and 12 percent a year in 2006, nearly

double those found in the US. Including a squared term in column three al-

lows marginal returns to vary and the OLS estimates show a convex pattern

of returns to education in both cross sections, as in many of the studies on

returns to education in Africa discussed in section 4.2 above, and contra-

dicting the work of Psacharopoulos (1994). These imply marginal returns of

13.5 percent (13 percent) at standard seven and 16.5 percent (19 percent)

for those who completed eleven years of education, to obtain O levels, in

2001 (2006).

These returns are much higher than those reported in Knight and Sabot

(1990) and Söderbom et al. (2006) in Tanzania. Knight and Sabot (1990)

use a survey of manufacturing wage employees in Dar es Salaam, Tanzania’s

largest urban centre, from 1980 and show that the returns to education are

around eight percent a year without controls for occupation but that they

are halved when these controls are included. They also find strongly non-

linear effects, and those with secondary or post-secondary education have

returns of around three percent and seven percent per year respectively when

including occupation controls.

In their 1993 sample of urban wage employees Söderbom et al. (2006)

find marginal returns to an extra year of education of five percent for years

one to eleven with occupational controls, when using OLS. For those with
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twelve or more years they find returns of thirteen percent. Their 2001 sam-

ple provides dramatically different results, with marginal returns below 10

percent for years one to eleven and then jumping to 30 percent for those

with twelve or more years of education. The nature of their sample is the

most likely explanation for the difference between my results and theirs,

since theirs is more selective, focusing only on urban manufacturing em-

ployees. Limiting my sample to urban wage employees does not change

my results dramatically, however7. The evidence thus suggests that returns

to education for urban wage employees rose between 1980 and the early

1990s and have risen again dramatically between the early 1990s and the

2000s. This may reflect the decreased enrollment in Tanzanian primary

education that occurred from 1980 (Bommier and Lambert 2000), as well

as the low secondary school enrollment that has occurred in much of the

post-independence period (Knight and Sabot 1990).

I prefer a specification in which I do not include sector of employment or

firm size, because these are themselves likely to be determined by the level

of education attained and I wish to explore the total returns to education,

including those that come from being able to access higher paying types

of employment (Pereira and Martins 2004). I do include these in Columns

3 and 7 in Tables 4.3 for 2001 and 4.4 for 2006, however, for comparison

with the earlier studies. They show that the linear returns are reduced to

10 percent in both 2001 and 2006, which is still higher than the numbers

reported in Söderbom et al. (2006). These results also indicate that the

convexity of the returns to education is reduced by controls for occupation

in both surveys. They imply marginal returns of 10 percent (10 percent)

at standard seven and 12 percent (15 percent) at eleven years of education,

7The last two columns of Table 4.6 show OLS estimates of the return to education for
urban wage employees in 2001 and 2006
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the end of O levels, in 2001 (2006) and are still higher than those reported

in Söderbom et al. (2006) and Knight and Sabot (1990).

The key insight from the returns to education literature is that these

results may be affected by ability bias and heterogeneity in returns, with

findings of high returns possibly caused by ability bias or returns bias, if

those who take more education benefit more from it. I thus explore the

effect of allowing for individual heterogeneity, using the exogenous variation

in years of education generated by the Tanzanian education reform, in the

following sections.

4.7.1 Control function estimates of the return to education

The control function approach can generate consistent estimates of the ATE

of education if the relationship between the unobservables in the earnings

and education equations is correctly specified. This is possible even when

the ability-schooling mapping is affected by the reform, unlike IV, but I

noted that this requires a mean independence assumption that implies hav-

ing correctly specified the educational attainment equation. Identification

of the ATE occurs through fairly strong parametric assumptions about the

relationship between individual heterogeneity in earnings and the education

residual.

Column 1 and 3 of Table 4.3 and 4.4, for 2001 and 2006 respectively,

show the estimation of the educational attainment equation, the first stage.

In testing various specifications I find that allowing for age effects to differ by

gender is important, and so I include these. The non-linear age terms control

for increases in primary enrollment in the post-reform period (Bommier and

Lambert 2000). Older age for both men and women is correlated with

lower educational attainment. Men have a year’s extra education compared

165



to women on average. The reform dummy shows that the reform increased

educational attainment by about half a year on average, after controlling for

age effects which allow for secular increases in education levels over time.

In the simplest specification of linear returns the control function esti-

mates suggest that OLS underestimates the ATE of education, with Table

4.4 suggesting it is around 15 percent in 2006, compared to 12 percent us-

ing OLS. In 2001 I find a larger change, column 8 of Table 4.3 shows the

estimated return increases from 14 percent when using OLS to 21 percent.

Using the control function and allowing for non-linear returns by includ-

ing a quadratic education term, shown in column 5 of Table 4.3 for 2001 and

column 4 of Table 4.4, produces a dramatic effect. Returns are estimated

to be concave rather than convex in both surveys, in contrast with my OLS

results and most of the recent studies from developing countries. In 2001

the average treatment effect of education is estimated to be 22 percent in

standard seven and 11 percent after the eleven years taken to achieve O

levels. In 2006 the switch to concavity is more pronounced, with the ATE

estimated to be 16 percent at standard seven, higher than the OLS estimate,

but only 5 percent for completed O levels.

The differences in estimated returns between OLS and the control func-

tion when allowing for non-linear effects are illustrated in Figure 4.5 (for

2001) and Figure 4.6 (for 2006). In both cases the expected log earnings es-

timated with the control function are much lower at low levels of education

but very similar around the median of seven years. The control function and

OLS results differ for higher levels of education, however. The 2001 control

function results are not very different to the OLS results but the 2006 results

show lower expected log earnings in the control function compared to OLS.

Both the control function and OLS results suggest that returns to edu-
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cation are high in Tanzania. The control function estimates of the average

treatment effect of education do indicate that there is some evidence of abil-

ity bias and returns bias, with marginal returns estimated to be much lower

for secondary education than OLS in 2006. The high degree of significance

of the coefficient on the residuals from the first stage regression implies that

I can reject the exogeneity of education in the earnings function. I also

find that the interaction of education and the residual from the first stage

has a highly significant coefficient in all of the control function regressions,

which indicates that there is heterogeneity in the returns to education, con-

tra Söderbom et al. (2006), but consistent with the model I outlined in

section 4.3.

4.7.2 Estimating the LATE of education

I noted in section 4.4 that IV can recover the ATE under some strong as-

sumptions, including homoscedasticity of the schooling residual conditional

on Zi. Card (2001) points out that these are unlikely to hold if the entire

mapping between schooling and ability varies for different values of the ex-

ogenous instrument, college proximity in his example, and provides evidence

that this change does indeed occur in the US. This would then imply bias

in the two-stage least squares IV estimates of the ATE of education.

If homoscedasticity does not hold, then one can use IV to estimate a

LATE under much less restrictive assumptions. I noted above, however,

that the Tanzanian reform does not satisfy the monotonicity assumption.

Although many individuals who would have obtained only four years, ob-

tained seven as a result of the reform, those who went on to high school

obtained one year less. As I showed in section 4.4.3, this can result in esti-

mated effects that are zero or negative, even if treatment effects are positive
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for all individuals.

Columns 2 and 4 of Table 4.5 report the two-stage least squares results,

which I interpret as the LATE of education8. The results indicate that the

2001 and 2006 data show much smaller effects of education than those es-

timated with OLS or the control function and the coefficients are also not

significantly different from zero. The violation of the monotonicity assump-

tion is a plausible reason for the low two-stage least squares estimate of the

LATE. In addition to these concerns there also seems to be an issue with

the instrument strength. The last row of Table 4.5 reports the F-statistics

for the Cragg and Donald (1993) test of weak instruments. A value of 10 or

higher is generally regarded as evidence that the exogenous regressors are

sufficiently relevant for finite sample bias not be a concern (Cameron and

Trivedi 2005). Unfortunately neither the 2001 or 2006 instruments pass this

test, suggesting another reason why the LATE estimates may be biased.

4.7.3 Robustness Checks

In this section I report some robustness checks on my main results. Combin-

ing the pre- and post-reform sub-samples to explore the effect of the reform

may not be valid if the relationship between education and earnings differs

dramatically across the two groups. Columns 5 and 6 of Tables 4.3 (for 2001)

and 4.4 (for 2006) show OLS estimates of returns to education for those who

faced the pre- and post-reform educational system respectively. The 2006

results show similar returns to education for both sub-samples, with some

evidence of slightly stronger convexity in the post-reform sub-sample. The

2001 results suggest concavity in the pre-reform sub-sample, although the

coefficient on the square of education is not significantly different from zero.

8Columns 1 and 3 of Table 4.5, for 2001 and 2006 respectively, show the the first stage
regressions
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This suggests there is not strong evidence that the different groups should

not be pooled to estimate the returns to education in Tanzania.

Table 4.6 shows OLS estimates and the first and second stage results us-

ing the control function approach for men and for women separately, pooling

the two surveys to increase the sample size. I again find that returns are

high for both men and women and that the control function procedure raises

returns at low education levels and lowers them at high levels of education

compared to OLS for both genders.

At the time the reform was implemented the government of Tanzania

was becoming an increasingly large employer through the expansion of state

owned enterprises and through this employment it also aimed to compress

the earnings distribution (James 1996). Individuals who obtained extra edu-

cation as a result of the reform and also obtained employment in government

jobs may thus be driving the results. One simple way to check this is to

exclude all former public sector employees. Unfortunately I cannot do this I

do not know the employment histories of the individuals in the sample. The

best I can do is exclude all current government employees.

These results for 2001 and 2006 are shown in column 10 of Tables 4.3

and 4.4 respectively. They do not tell a consistent story. In 2006 the returns

are still estimated to be high and concave but in 2001 returns are actually

estimated to be negative, although the standard errors are very large. This

may simply reflect the large number of government employees with high lev-

els of education and the resultant reduction in the number of observations

when government employees are excluded: in both the 2001 and 2006 sam-

ples government employees make up over half of those with 11 or more years

of education.
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4.8 Conclusion

In this chapter I have described a reform in the Tanzanian education system

that generated exogenous shifts in the level of education for many Tanzani-

ans and used this to estimate the returns to education and purge these of

the effects of individual heterogeneity. The data I use enable me to estimate

the returns for a more representative sample of the Tanzanian population

than in previous work, although I am still forced to exclude those working

in agriculture.

The estimates of the returns to education across several African economies

indicate that returns are larger than in developed countries and that they

are convex. If these estimates represent the true effects of education on

productivity then this may have important policy implications for the way

governments fund primary, secondary and tertiary education. Findings of

convexity in returns may be due to contamination by unobserved ability,

however. There are only a few studies which test this possibility in African

labour markets and these show that returns are convex even after correcting

for this source of endogeneity. This suggests ability or returns bias are not

responsible for the convexity of returns estimated with OLS.

I estimated the returns to education using the ILFS data from 2001 and

2006. In the simplest linear specification estimated with OLS I find marginal

returns to be around 12 percent in 2006 and 14 percent in 2001, higher

than those reported for Tanzania in Söderbom et al. (2006) and Knight and

Sabot (1990). Allowing for non-linear returns in OLS estimation suggests

that returns are actually strongly convex. My estimates are still higher

than those estimated previously when I confine my analysis to a sub-sample

similar to that used in other studies.

The most general model I use allows for individual heterogeneity in abil-
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ity and in the marginal returns for education, as well as non-linear returns to

education. Heterogeneity in returns makes estimating an average treatment

effect much harder. Three solutions exist. The IV and control function ap-

proaches both require fairly strong assumptions to estimate an ATE, while

the LATE, though requiring fewer assumptions, is a weighted average of

returns for a sub-population that is generally not identified. In allowing for

potential unobserved heterogeneity in ability and returns I have attempted

to estimate the average treatment effect using the control function approach

and the LATE using two-stage least squares and compared these to the OLS

estimates.

Estimating the average treatment effect in this more general model using

the control function approach I generally still find high returns. I also find

that returns are actually concave. These results suggest ability bias and

returns bias may be important, with the true ATE lower at higher levels of

education than indicated by the OLS estimates. In undertaking robustness

checks I find similar results when I separate men and women and when I

exclude government employees using the 2006 data, although not in the 2001

data.

The Tanzanian education reform I discussed does seem to offer a plau-

sibly exogenous shift in education levels for those who faced the new edu-

cational system. It does not, however, satisfy the one crucial assumption

required to estimate a LATE, monotonicity, since individuals at the lower

end of the education distribution obtained more education, whilst those at

the top end obtained less. The LATEs I estimate are lower than the linear

OLS estimates, and in 2006 they are estimated to be negative. The sim-

plest explanation for this is that the reform pushed different individuals in

different directions, violating the monotonicity assumption and biasing the
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coefficients towards zero as a result. I also noted that weak instrument bias

is affecting the LATE estimates.

The picture emerging from studies of returns to education in sub-Saharan

Africa is one of larger returns than in developed countries. I find similarly

large returns in OLS, roughly double those reported for the US labour mar-

ket. The shape of the earnings function has been found to be convex in many

studies using Africa micro data but this literature has not progressed much

beyond estimating OLS returns in dealing with the endogeneity introduced

by individual heterogeneity. I also find high and convex returns when using

OLS. When I use the control function to estimate the average treatment

effect I find generally high returns, although returns are estimated to be

concave. I still find that returns are high for completed primary school, the

median level of education but that they are lower than in OLS at secondary

school level. This suggests that ability or returns bias, resulting from indi-

vidual heterogeneity, may explain the convex OLS estimates of the returns

to education in Tanzania.

172



Table 4.1: Descriptive Statistics

2001 2006
All 16-65Earners All 16-65Earners

Demographics

Age 32.58 38.59 33.35 37.58
(13.07) (9.68) (12.88) (9.69)

Male 0.48 0.63 0.47 0.64
(0.50) (0.48) (0.50) (0.48)

Education (yrs.) 5.50 7.57 5.51 7.12
(3.46) (3.33) (3.38) (3.14)

Urban 0.33 0.78 0.54 0.82
(0.47) (0.41) (0.50) (0.38)

Pre-reform schooling 0.12 0.12 0.10 0.09
(0.32) (0.33) (0.30) (0.29)

Labour Market Outcomes

Labour Force Participant 0.89 1.00 0.93 1.00
(0.31) (0.00) (0.25) (0.00)

Employed 0.83 1.00 0.88 1.00
(0.37) (0.00) (0.32) (0.00)

Self Emp with employees 0.02 0.09 0.02 0.08
(0.13) (0.29) (0.13) (0.26)

Self Emp no employees 0.09 0.44 0.12 0.48
(0.29) (0.50) (0.33) (0.50)

Private Emp 0.06 0.25 0.07 0.27
(0.25) (0.43) (0.26) (0.44)

Public 0.04 0.22 0.03 0.15
(0.19) (0.41) (0.17) (0.36)

Agriculture 0.61 0.00 0.54 0.00
(0.49) (0.00) (0.50) (0.00)

Frequency 30974 4962 36402 6915

Source: ILFS 2001 and 2006. Note: Standard deviations in parentheses.
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Table 4.2: Median real earnings in Tanzanian Shillings by Educa-
tion level and Occupation

2001 2006
Median N Median N

Occupation

S/E with employees 65000 499 53571 583
(473817) (248207)

S/E no employees 28821 2804 26786 4049
(90958) (172406)

Private employee 30000 2043 31250 2624
(446874) (102067)

Public Employee 76675 1120 75000 1108
(189924) (252890)

Education Level

None 15000 433 18750 727
(47705) (89059)

1-4 years 28000 555 27054 649
(113570) (129346)

5-8 years 30000 3902 30603 5569
(86432) ( 199493)

9-14 years 70000 1445 62500 1615
(596894) (255311)

15 or more years 245000 138 120313 112
(436352) (234615)

Note: Standard deviations in parentheses. The average exchange rate was Tsh 916 per US dollar
in 2001 and 1261 in 2006 (International Monetary Fund 2010)
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Table 4.5: LATE Estimates of returns to education
first2001 late2001 first2006 late2006

(1) (2) (3) (4)

Reform age -.038 0.028 -.054 0.009
(0.014)∗∗∗ (0.007)∗∗∗ (0.007)∗∗∗ (0.011)

Reform age2 -.003 -.001 -.003 -.0009
(0.0009)∗∗∗ (0.0007) (0.0007)∗∗∗ (0.0007)

Male*Reform age 0.112 0.007 0.074 0.009
(0.018)∗∗∗ (0.018) (0.009)∗∗∗ (0.013)

Male*Reform age2 -.002 -6.99e-06 0.0007 0.0001
(0.001) (0.0004) (0.0008) (0.0003)

Education 0.079 -.032
(0.159) (0.17)

Male d 0.63 0.459 0.88 0.574
(0.112)∗∗∗ (0.105)∗∗∗ (0.107)∗∗∗ (0.157)∗∗∗

Urban d 1.197 0.54 1.052 0.458
(0.116)∗∗∗ (0.193)∗∗∗ (0.097)∗∗∗ (0.209)∗∗

Pre-reform d -.500 -.520
(0.267)∗ (0.244)∗∗

Obs. 4942 4942 6915 6915
R2 0.101 0.286 0.08 0.025
F statistic 50.15 99.768 54.67 96.416
Cragg-Donald Wald F statistic 3.507 4.355

Notes: dependent variable is years of education in columns 1 and 5 and log(income) in
all other columns. ∗, ∗∗, ∗∗∗ denote significance at 10%, 5% and 1% levels. d indicates a
dummy variable.
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Figure 4.1: Number of pupils stopping at the end of each year
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Source: Tanzanian Ministry of Education Annual Reports 1968-1979. The vertical lines represent
the three years the reform was implemented in.
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Figure 4.2: Education Levels as recorded in the 2006 ILFS
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Figure 4.3: Urban and Rural Education Levels
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Figure 4.4: Education Levels for the sample of earners in 2001
and 2006
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Figure 4.5: Predicted log income by education level at the mean
of all other regression variables in 2001
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Figure 4.6: Predicted log income by education level at the mean
of all other regression variables in 2006
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Chapter 5

Conclusion

In this thesis I have explored the workings of the labour markets of two

African countries, South Africa and Tanzania. In doing so I have shed light

on the role of human capital, individual heterogeneity and institutions in

determining labour market outcomes, particularly earnings and individuals’

choices of where to work, in these two countries.

In chapter two I described the existence of extremely large average

earnings differentials across different kinds of employment for black South

Africans in the KwaZulu-Natal Income Dynamics Study data. I noted a

12-fold difference in the median earnings of government employees and the

self-employed in the third wave of the survey conducted in 2004, a differ-

ence which had increased more than three times since the first wave in 1993.

Using OLS to estimate the earnings differences across sectors I found that

observable human capital can explain some of the differences within the

private sector, but that there are still substantial public sector and union

premia. The panel element of KIDS enables me to control for time invariant

unobserved heterogeneity. Using panel estimators I found that the union

premium is substantially diminished, whilst the public sector premium is
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hardly reduced at all. I argued that observable and unobservable human

capital can explain most of the differences in earnings between sectors within

the private sector but does not explain the public sector premium.

Further investigation revealed two interesting conclusions. Firstly, the

public sector premium seems to be driven by the entry of low productiv-

ity private sector employees into the public sector. There is no decrease in

earnings for those public sector employees who leave to enter the private

sector, which suggests that the only workers who leave the public sector are

higher productivity individuals. Secondly, I find that the low union pre-

mium estimated is not the result of measurement error that can sometimes

confound estimation using panel data techniques. This suggests either that

union members are unobservably more productive, or possibly that firms re-

spond to unionisation by increasing their capital to labour ratios and hiring

workers with higher skill levels. Exploring which of these is correct requires

panel data on firms, which is not yet available in South Africa.

One of the most obvious differences between the Tanzanian and South

African labour markets is the large number of individuals engaged in self-

employment in Tanzania. The micro data from Tanzania I described in

chapter three of this thesis suggest that there are not large differences in

earnings between self-employment and wage employment, however, as one

would expect if self-employment was a residual sector for those unable to

find wage employment. Rather, the data suggest that self-employment is a

viable alternative to wage employment in small firms for many individuals.

I developed a matching model to explain these outcomes, in which in-

dividual differences in self-employment productivity drive earnings determi-

nation in both sectors. The model highlights the fundamental difference

in earnings determination between wage and self-employment, that in wage
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employment an individual bargains with a firm. This difference generates

variation in earnings in both sectors, despite there being individual differ-

ences in productivity in only one of the sectors. This represents an improve-

ment on other recent models of the labour market in developing countries, in

which there is often no earnings variation within some, or even all, sectors.

In chapter four I used the Integrated Labour Force Survey data to es-

timate the returns to education in Tanzania. Studies using African micro

data generally suggest that the returns to education are higher than in de-

veloped countries and that they are also strongly convex. I also found this

pattern in Tanzania when using ordinary least squares. Previous research

estimating the returns to education in Tanzania suggests that the returns

have increased between 1980 and the early 1990s. My own OLS estimates

suggest the returns increased again between the early 1990s and the two

surveys I use from 2001 and 2006 and I showed that the increases in the

2000s are unlikely to be the result of differences in the sample composition

between the data I use and that used in earlier studies.

Research using developed country data suggests that there are several

reasons to mistrust the OLS estimates of the returns to education. If in-

dividuals differ in their earnings ability, ability in schooling and also have

heterogeneity in their marginal returns then educational choices will be en-

dogenous and OLS estimates are likely to reflect differences in individual

heterogeneity rather than the true causal effect of education. I used an

education reform that occurred in Tanzania in the 1960s as a source of ex-

ogenous variation in schooling which, under certain assumptions, allows one

to estimate an average treatment effect, using the control function approach,

as well as a local average treatment effect, using two-stage least squares.

Using the control function approach I found a reversal of the convexity
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result, with returns estimated to be concave. I still found generally high

returns using the control function, though in 2006 the convexity is strong

enough that the estimates of returns at secondary education are lower than

previous estimates. I highlighted that for the control function approach to

consistently estimate an ATE some strong parametric assumptions and the

mean independence assumption are required, and noted that the parametric

assumptions could be relaxed. I also found that the monotonicity assump-

tion that is required to estimate a LATE was not satisfied in the case of

the Tanzanian education reform I considered. The LATEs I estimated were

generally lower than the control function and the OLS estimates, which I

showed is what one would expect when the monotonicity assumption is not

satisfied.

In this thesis I have highlighted the importance of accounting for in-

dividual heterogeneity in drawing conclusions from micro data about the

functioning of labour markets. I have explored the role of labour market

institutions, observable human capital and individual ability in earnings de-

termination and the choice of where to work. Specific contributions have

been to explore how the vast earnings inequalities in South Africa are cre-

ated, instead of simply describing the presence or absence of a formal sector

premium; developing what I believe to be the first matching model to high-

light the implications of high levels of self-employment, inspired by descrip-

tive evidence from the Tanzanian labour market and finally exploring the

implications of individual heterogeneity for an analysis of the role of educa-

tion in determining earnings and then estimating the returns to education

in Tanzania.
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