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Abstract

Using population and product consumptiormdedim the Demographic and Health
Surveys | construct comparable measures of indguaald migration for 65 countries, including
some of the poorest countries in the world. 1 findt the urban-rural gap accounts for 40% of
mean country inequality and much of its cross-couveriation. One out of every four or five
individuals raised in rural areas moves to urb@asas a young adult, where they earn much
higher incomes than non-migrant rural permanendeeass. Equally, one out of every four or
five individuals raised in urban areas moves talrareas as a young adult, where they earn
much lower incomes than their non-migrant urbarsom These flows and relative incomes are
suggestive of a world where the population soslfitgeographically on the basis of its human
capital and skill. | show that a simple modetto$ sort explains the urban-rural gap in living
standards.
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|. Introduction

Inequality, whether within countries or across does, can be construed as coming from
either differences in the ownership of quantitieaotors of production or from differences in
earnings per unit ownership of factors of producti@hese competing perspectives have
dramatically different implications for academisearch and public policy. Differences in the
ownership of factors focus attention on the disititn of resources and the incentives for
accumulation. In contrast, differences in earnipgsfactor suggest the existence of “wedges”,
unexploited differences that must reflect barrmrsnarket failures of some sort and whose
removal could give rise to low cost welfare imprments. In performing decompositions of the
causes of inequality, the analyst, after removibgeovable differences in the ownership of
factors, is always left with a residual. The teation is to treat this residual variation as
reflecting wedges. Since the residual variatiamallg accounts for a large share of total
inequality, this interpretation has profound imptions. In this paper | present evidence that the
large residual gaps between urban and rural listagdards in developing countries, while
accounting for much of the inequality within thasmintries, reflect selection based upon
unobserved skill and human capital, i.e. unobseovekership of factors of production.

| use data in 170 Demographic and Health SurveysS)or 65 countries to develop a
new set of internationally comparable measures@quality and migration. My technique
involves using Engel curves estimated off of hoos#lkducational attainment combined with
household consumption random effects to calcuteebmponents of consumption inequality in
educational equivalent units. | separately esentfa¢ contribution to overall inequality of
inequality within urban and rural areas and theaorhural gap in living standards, as well as

decomposing total inequality into educational aggldual (net of education) inequality. The



DHS disproportionately samples the poorest (priaitysub-Saharan) countries of the world, but
also includes observations on lower middle incometrmiddle income countries in Africa, Latin
America, South and Southeast Asia and Eastern Euatipwithin a standardized survey
framework. Thus, my approach produces comparaieates for a sample covering the earliest
stages of development up through the lower-midaitge of the world income distribution.

| find that the urban-rural gap in living standard a major source of inequality,
accounting for 40% of average inequality and focmaf the cross-country variation in levels of
inequality. Countries with unusually high levefdgreequality are countries where the urban rural
gap is unusually large. There is no significantelation between the magnitude of the urban-
rural gap in living standards and urbanization &R3oer capita. While the gaps between mean
urban and rural living standards are dramaticatrexage levels of consumption dispersion or
inequality within urban and rural areas are abgutaé | find inequality in educational
attainment to be a comparatively minor source efjuality, on average accounting for only 19%
of total inequality and explaining very little dicross-country variation.

The DHS collects data on individuals’ childhood a&oudrent place of residence, allowing
for a detailed analysis of the number, charactesistnd consumption of migrants. About one
out of every four or five individuals raised in allareas migrates to urban areas as a young adult.
Surprisingly, it is also true that one out of eveyr or five individuals raised in urban areas
migrates to rural areas as a young adult. Rurattian migrants are typically better educated
than rural permanent residents and urban to ruigdamts are typically less educated than urban
permanent residents. | find that migrants enjaysconption levels which, corrected for
educational attainment, are quite close to thogeohanent residents in their destination region.

With residual urban-rural consumption gaps equivalen average, to the earnings from 9 years



of education (or 1.16 in log money metric termiijs translates into seemingly large “gains” for
rural to urban migrants and equally large “losdes’urban to rural migrants. While a model of
migration as an attempt to exploit urban-ruraletéinces in factor returns can motivate the
observed rural to urban movement of labour, it caexplain the large flow of urban residents to
rural areas where they receive vastly lower eampey unit of education than their non-migrant
cousins.

| develop a model of integrated factor markets wihting on the basis of unobservable
skill and show it matches features of the DHS d#&eoduction uses both skilled and unskilled
workers and urban industries are more skill intemsie. have a higher relative demand for
skilled workers. Observable education and unolassevskill are imperfectly correlated. While
education increases the probability an individwagjuares skill, the relation is in no way
deterministic. Due to the higher relative demamdskill, in equilibrium workers observed in
urban areas are more likely to have skill than camalply educated workers in rural areas. This
produces a residual, educationally adjusted, gapkhan-rural living standards. Since education
is positively correlated with skill, better educhteiral workers are more likely to move to urban
areas, while less educated urban workers are nketfg to move to rural areas.

The model produces empirical predictions that apperted by the data. The urban-rural
gap is produced solely by the relative skill inignef production in urban and rural areas. Since
the probability of acquiring skill is increasingtime educational attainment of workers, the
urban/rural residence probabilities of highly amdipy educated workers provide proxy
information on the regional skill intensity of proction. | show that these residence probabilities
completely explain average urban-rural differentesying no room for the constant or any other

variable for that matter. In other words, whenuhigan residence probabilities of highly and



poorly educated workers are about the same, reftgeery little difference in the skill intensity
of production in urban and rural areas, the urhaatigap completely disappears.

This paper draws upon a rich literature in a nundf@reas. Methodologically, my
consumption estimation methods build on the workibher and Pritchett (2001), who were the
first to suggest the use of product consumption tatalculate inequality in surveys where the
requisite total expenditure data are unavailableey proposed to use a principal components
analysis of the variation in the ownership of pretdor household conditions to construct
measures of relative household wealth, an apprtietthas since been widely implemented by
DHS programmers. The principal components approach is, howevat;lass and devoid of
economic content, as the consumption measuresaar@asdized by their mean and standard
deviation. Consequently, the inequality calculatedne survey cannot be compared to another,
or to conventional measures of inequality. By ggime correlation of consumption with
educational attainment | produce inequality meastirat are motivated by Engel curves and
demand theory, weight products by their correlatiuath an observable determinant of relative
incomes, and are internationally comparable. Comgany results with other studies for my
sample countries, | show that my methods produttmates of country inequality and urban-
rural gaps in living standards that are quite cgiesit with those calculated using conventional
methods.

The simultaneous existence in the poorest econawhit® world of two sectors, urban
and rural (or nearly equivalently, agricultural ar@h-agricultural), producing vastly different

average living standards, has attracted the atteofieconomists since the Second World War.

“While Filmer and Pritchett and the DHS use the teotogy “wealth,” | prefer to use the word
“consumption”, as most of the measures they inc(gdeh as the ownership of consumer durables ansirp
conditions) provide a flow value of consumptio’ proper measure of wealth would include assetsltb not
yield direct consumption services, such as findriesruments, physical capital and land. Theofyourse,
suggests that consumption should vary with ovevelilth, so practically the distinction may be ldygaoot.



Early efforts focused on labour market distortioiifwus, Lewis (1954), in a paper that sparked
an entire literature on “dual” economies, arguet thorkers in rural areas, in deciding to migrate
to urban areas, compared their average produatahfamily output (which they shared) with
their marginal product in urban output, producingtaation with excess and surplus rural labour.
More recent analysts, however, have looked for aitipe explanations. Thus, for example,
Gollin, Parente and Rogerson (2004) argue that aneas offer greater opportunities for
(unmeasured) home production, while Lagakos andgiWéR011) argue that workers sort
themselves into urban and rural areas based upanitrinsic abilities and comparative
advantage.

The model presented in this paper is similar todkag and Waugh (2011) and owes
much to their insightful paper. Lagakos and Wapgsit that workers are endowed with
productivity draws in agricultural and non-agricuéil activities and, by assuming that the
productivity draws are positively correlated and+agricultural productivity draws have higher
variance, produce a situation where workers selgatito non-agricultural industry have higher
productivity than those selecting into agriculturadustry. This paper follows their emphasis on
urban-rural sorting, but motivates urban-ruraldtyistandard differences by appealing to
unobserved skill which is correlated with educagicattainment. The correlation with
educational attainment allows me to test the madiglg the residence characteristics of highly
and poorly educated households.

The results of this paper complement those of tea@ss-national empirical studies of
urban and rural industry. Caselli (2005) and Resty Yang and Zhu (2008), using PWT and
FAO data, document that the ratio of non-agricalttw agricultural productivity in fixed

international prices falls with GDP per capita.thie DHS | find that the urban-rural gap in real



consumption has no relation to GDP per capita anesintroduces a dummy for sub-Saharan
Africa (where the gap appears to be somewhat largeshow that in Caselli’s data the
relationship between relative non-agricultural goi@ultural productivity and GDP is largely a
rich country phenomenon and in poorer countrieapisars with the addition of a sub-Saharan
dummy. Thus, although there is difference in treagures, productivity vs. real consumption,
there is basic agreement that urban-rural gapsareorrelated with GDP amongst poorer
countries.

Gollin, Lagakos & Waugh (2012), working carefullytivcensus sources and 10
household expenditure surveys, show that large lgaivgeen agricultural and non-agricultural
average value products in local prices remain efem careful consideration of sectoral
differences in human capital and hours worked.s Bhidy is similar to theirs in its use of
household surveys and focus on living standardg.e8fimates adjust for human capital, but lack
the detail of their exploration of the factors behthe residual differences. At this price, | gath
a larger international sample and relate the urbeal-gap to overall income inequality and the
relative consumption of migrants and permanentesdgs. Finally, | should note that Herrendorf
and Schoellman (2012) argue that much of the reddifference in agricultural/non-agricultural
value added per worker in the United States isrs@guence of mismeasurement of agricultural
value added in the national accounts. This papes dot rely on national accounts assessments,
but instead uses direct measures of the consumptiorban and rural households in LDCs.

The paper proceeds as follows. Section Il pravi@ehort description of the DHS
product consumption and migration data, while $eclil outlines the inequality estimation
methodology. Section IV shows that my methodsliagpo the DHS data, produce estimates of

Gini coefficients and urban-rural gaps that areadhp consistent with other sources. | also show



that the urban-rural gap plays a major role anatational inequality a comparatively minor role
in explaining both the mean level of inequality atsdcross-country variation. Finally, |
document the absence of a relationship betweeurtian-rural consumption gap and overall
urbanization or GDP per capita and show that migrdoy and large, enjoy education adjusted
consumption levels that are close to those of peemiaresidents in their destination region.
Section V presents the model of correlated unoladdeskill and observable educational
attainment and applies it to the DHS data. Inm@sttwith overall urbanization and GDP per
capita, | document the sharp significance of thEnmresidence probabilities of individuals with
low and high educational attainment in explaining tesidual (education adjusted) urban-rural

consumption gap. Section VI concludes.

II. Demographic and Health Survey Data

The Demographic Health Survey and its predecaksoWorld Fertility Survey, both
supported by the U.S. Agency for International Depment, have conducted irregular but in-
depth household level surveys of fertility and bieal developing countries since the late-1970s.
Over time the questions and topics in the survay levolved and their coverage has changed,
with household and adult male question modulesdtmla central female module, whose
coverage, in turn, has expanded from ever marriaien to all adult women. | make use of all
DHS associated surveys that are freely availalde b not require the permission of national
authorities), have household member educatiorahatent data (as this is used in all of my
estimation equations), and include data on eitheaf(least four of my measures of durable
goods or housing consumption, (b) migration, orirfd)vidual wages. In all, | make use of 170

surveys covering 2.1 million households in 65 dep#lg countries since 1990, as listed in



Appendix A. The occasional nature of the DHS sysvaeans that | have an unbalanced panel
with fairly erratic dates.

The raw data files of the DHS surveys are distatas standardized "recode” files.
Unfortunately, this standardization and recoding b@en performed, over the years, by different
individuals using diverse methodologies and makingyy own idiosyncratic errors. This
produces senseless variation across surveys @ite tawo examples, individuals with the same
educational attainment are coded as having draafigtitifferent years of education or
individuals who were not asked education attendguestions are coded, in some surveys only,
as not attending. In addition, there are undeglylifferences in the coverage of the surveys (e.g.
children less than 5 years vs. children less thgeaBs) and the phrasing and number of questions
on particular topics (e.g. employment) which pragtwrther variation. Working with the
original questionnaires and supplementary raw dateerously provided by DHS programmers, |
have recoded all of the individual educationaliatteent data, corrected coding errors in some
individual items, recoded variables to standardefihitions and, as necessary, restricted the
coverage to a consistent sample (e.g. married wopah@dren less than 3 years) and removed
surveys with inconsistent question formats (inipatar, regarding labour force participation).
Appendix A lists the detalils.

| use the DHS data to derive 23 measures of reawuaoption distributed across four
areas: (1) ownership of durables; (2) housing taord; (3) household time and family
economics; and (4) children’s health. Table | dethe individual variables and sample means.
All of these variables are related to householdaterand expenditure, broadly construed and |
have found them (Young 2012) to be very signifigaabrrelated with household real incomes,

as proxied by adult educational attainment. | hsalected these variables on the basis of their



availability and with an eye to providing a samgliof consumption expenditures that would,
through material durables, household time and héalhich is related to nutrition), cover much
of the budget of households in the developing woly list of consumption “goods” includes
negative outcomes, such as diarrhea, but thiscisuaated for in my estimation procedure
(described further below) which uses the corretaibconsumption with rises in household
educational attainment, e.g. the absence of diaydmethe metric in the calculation of an
educational equivalent household random effectdmsumption of all goods.

By including health and family economics, | foll®ecker, Philipson and Soares (2005)
and Jones and Klenow (2011) and take a broaderafi@ensumption than is typically used in
the national accounts. However, this does noedmy results. First, to keep my estimates
grounded in traditional measures, | only make dsbe167 surveys which have data on at least
four measures of durable goods or housing consomptsecond, the health and family
economics variables are individually coded. Beeanfghe large idiosyncratic individual
variation in these products within households, tteeyg not to dominate the estimation of
household random effects. Finally, household leweduality in these outcomes moves with
household level inequality in the consumption ofatiles and housing, so the inclusion of these
non-traditional measures of consumption ultimatelyers standard errors without much
influence on point estimates. Thus, on the themkgirounds that health and family economics
are equally part of household consumption and erpthctical grounds that larger samples are

always preferable, | use these non-traditional petelto supplement my traditional measures of

“Relative to Young (2012), which analyzed growtfiving standards, | drop three continuous measafes
household consumption, namely In rooms per capitetlae In height and weight of young children. Tikelihood
for the normal regression model is intrinsicallyghumore concave than the likelihood for the disedtoice logit
model used to represent the household decisioartsurne the remaining 0/1 dichotomous variablesisTthese
variables, when included in a common random effggéification, dominate the estimates. This groblvas less
acute in Young (2012), where | estimated each émuatparately to calculate a weighted averagemftl rates.



consumption, while showing the reader that thepakinfluence the results.

In estimation, | drop a product from a survey’s planf it is present in more than .99 or
less than .01 of either urban or rural househaddpmctically speaking, calculation of random
effects is both meaningless and computationallpleroatic when virtually everyone or no one
consumes a product. | have also made the dedsioreak measures of household time into
different age groups to account for different dechpatterns at different ages as the possibilities
for substitution between home production, humarntabgccumulation and market labour evolve.
Thus, for example, in richer households young woarenmore likely to be in school and less
likely to be working in the late schooling yeargda 15-24), but, consequently, are more likely
to be working as young adults (ages 25-49). Alfiomales are included in the schooling and
children's health variables, | do not include safeatime allocation measures for adult males
because male questionnaire modules are much lasstantly available and male participation
behavior, when recorded, is less strongly relatdtbusehold education and, hence, by my
methodology, would play little role in estimatingequality.

Turning to migration, the DHS contains two quessitimat provide information on the
migrant status of household members. First, adalt and women are often asked, in their
interview modules, what type of region (i.e. calpitéher city, town or countryside) they lived in
prior to the age of 12. Second, adult men and woane often asked if they have always lived in
the current locale and, if not, when they movededtsnd from what type of region (again,

capital, other city, town or countrysid&)Using the first of these questions, | classifyiwiduals

3Both types of questions occasionally allow for mdividual’s earlier residence to be “abroad”. utis
cases, | treat these as unknown and drop themtfreranalysis. | compare across survey years §iorem country
and make sure that where foreign origin accounts fignificant share of the population it is colesed in all
surveys. Thus, | drop the Jordan 1990 survew, @ses not allow for foreign origin but a large semt of the
population lists themselves as international mitgaém other survey years. Aside from this, | halso corrected a
number of coding errors that have arisen in traimgaand standardizing original questionnaire files
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as rural (countryside) to urban (capital, city@mwh) migrants or urban to rural migrants if there
is a discrepancy between the characteristics af thédhood locale and their current
residencé,and as lifelong urban or rural residents if tHieneot. Using the second of these
questions, | classify individuals who claim to hableays lived in their locale as lifelong urban
or rural residents and otherwise, based upon tégion prior to moving in, as rural to urban,
rural to rural, urban to urban or urban to rurafjrants. | focus on individuals aged 25 to 49 as
the women’s questionnaire only covers women 13tarfd most early non-African surveys only
cover ever-married women. As most women over 2%ger married (Table 1), focusing on
individuals aged 25 to 49 produces consistent angparable samples. | focus on the same age
group for the male data which, in any case, ardabla much less frequently.

Table 1l presents the basic characteristics oB2XH& migrant data. As shown in the
table, rural to urban migrants (row 6), as defibgahildhood residence, account for an average
of 34.3 to 37.8 % of adult urban members in thegarcountries. When measured using
information on whether the respondent has recentlyed, this ratio falls to 22.1 to 23.9 %.

This reflects the possibility of multiple moves ahé emphasis on recent moving in the latter
measure, as many currently urban individuals waorcto have been in rural areas before the
age of 12 (the first measure) indicate that thegmdy moved in from another urban area (the
second measure). Of greater significance, beazfube lower consumption levels in rural areas
described later on, is the fact that by any meaaboait 13 to 17 % of rural residents are urban to
rural migrants (row 3). Measured in terms of plo@ulation in their originating area, an average

of 22.1 to 22.5 % of individuals who lived in ruieleas prior to the age of 12 reside in urban

“In all DHS surveys the authorities executing thevey report whether theurrenthousehold residence is
urban or rural and in many surveys they also irtdigéhether it is the capital, other city, a towrcountryside (both
as defined by national statistical authoritiespnly use surveys where both measures are repantkthe agreement
between the two (following my categorization of ntyside as rural and capital, city and town asajhs greater
than 99%.
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areas, while 23.0 to 27.7 % of individuals who #ive urban areas prior to the age of 12 reside in
rural areas as adults. Thus, as a fraction obtiggnating population, urban to rural migration is
at least on par with rural to urban migratfoiThis same pattern is repeated when the indivislual
origin is measured by the last locale they livedaith rural to urban migrants representing 15.1
to 16.7 % of the population originating in ruraas, but urban to rural migrants representing
20.2 to 26.3 % of the population originating in amtareas.

With regards to educational attainment, it is appaim Table Il that rural to urban
migration draws from the better educated part efrtlral population, as the typical rural to urban
migrant is much better educated than the typicahpaent rural resident (although less educated
than urban permanent residents). Conversely, uhbairral migration draws from the less
educated part of the urban population, as the &ypidan to rural migrant is less educated than
urban permanent residents (although better edutiadedural permanent residents). These
differences in educational attainment are not dumigrants arriving young and completing their
education in the destination area. As shown irtdbée, the typical migrant over 25 is about 35
and arrived 10 to 13 years earlier, i.e. in thanheto mid 20s, when their education was long
completed®. While rural to rural migrants share the educati@itainment of rural permanent
residents, urban to urban migrants appear to gbtblibetter educated than urban permanent
residents.

In preparing Table Il, | have taken pains to remooentries and surveys from the sample

that might produce misleading or spurious resultisus, internal conflict in many developing

*The difference relative to shares of destinatioisea because of the smaller average urban pomuilati
share (.41 vs. .59 for rural). Overall, net migmats in favour of urban areas with, on averaj26.of the aggregate
young adult female population moving to urban aaasonly .070 to rural areas

®0Of 118,000 male or female urban to rural and riralrban migrants between the ages of 25 to 48en t
sample, only 14,000 claim to have arrived priotht® age of 15.
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countries has forced individuals to abandon themés and move to other regions. To focus on
voluntary migration alone, Table Il excludes anyminy in the DHS sample which is reported by
the Norwegian Refugee Council as having more tBarofithe population internally displaced
by conflict or violence in any year between 200d 2010 or reported by the UNHCR as having
more than 1% of its population as protected orséesgiinternally displaced persons in any year
between 1993 and 2010Some of the excluded countries which have expeeie large internal
displacements show very large urban to rural mignat(e.g. 52% of the women originating in
urban areas in Cambodia), but by and large thecef$ quite small for the typical country.
When calculated using the entire sample for whishve migration data, the shares of
originating populations involved in rural to urbanurban to rural migration (e.g. 22.0 and 25.1
%, respectively, for the 51 countries with womemigration data) are quite close to those
reported with the restricted sample in the pantlgable Il above.

The skeptical reader might still wonder whether soe@ament error at the level of the
individual respondent is responsible for the restdported in Table II. If respondents don't quite
know whether they grew up in urban or rural aréas discrepancy between their current
residence and their random responses will produe@ppearance of large bi-directional
population flows. There are three reasons whyishiglikely to be true. First, as noted above, |
do not code an individual’s migrant status on tasi® of a response to a vague question about
rural or urban origin, which many individuals migdtmtd difficult to understand, but on the basis
of a response to a question which lists capitéleotity, town or countryside as alternatives.

These terms are much easier for respondents tpiate Second, as Table Il shows, there are

"The choice of years is given by the availabilitydata on internally displaced persons from the $owarces
(Norwegian Refugee Council, "Internal displacenentsed by conflict and violence: Estimated numbérs
internally displaced people from 2001 to 2010", wimernal-displacement.org and UNHCR Statisticali@n
Population Database, "IDPs protected/assisted by ORL" 1993-2010, www.unhcr.org), but this time péri
corresponds to that covered by my DHS data. | takmtry population numbers from Penn World Tall€s
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large systematic educational differences betwespordent types that are intuitively consistent
with the differing schooling opportunities in th@ilace of origin, with rural to urban migrants
being less educated than urban permanent residedtsrban to rural migrants being better
educated than rural permanent residents.

The most important evidence against a preponderahmeasurement error lies in the
fact that the DHS data are consistent with the wabwn tendency of migrants to live close to
each other. Table Il reports logits of an indivadls migrant status (1 = yes, 0 = no) based upon
current vs childhood place of residence on theageemigrant status of other adults outside of
their household in their survey cluster (MigMeaaid a complete set of survey fixed effects
(dummies). As shown, the average migrant statas efidividual’s neighbours is both
statistically and quantitatively an incredibly siggant determinant of the probability they
themselves are migrants. In urban areas, .287eafample women are migrants. The data
predict that in the absence of any migrant neighbthat fraction would be .123, while if
surrounded by migrants it would rise to .774. Urat areas, where urban to rural migrants are to
be found, the movement from the complete absentetoomplete presence of migrant
neighbours moves the probability thirteen-foldpfird61 to .818. In the relatively limited male
data, the effects are smaller but still dramatiith whe predicted probability an individual is an
urban to rural migrant rising six-fold, from .07%6.429, as the characteristics of their neighbours
move from one extreme to another. If migrant statere heavily determined by measurement
error in an individual’'s report of their childhooglsidence, an individual's migrant status would
be largely uncorrelated with that of their neightsouThis is clearly not the case in the DHS data,

where migrants, following the worldwide patternngeally live close to other migrants.

Thus, if 75% of adults outside of an individualsusehold in their cluster are migrants, MigMear/ s
for that individual.
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There is measurement error in all surveys, ancetisdittle doubt that, by creating
discrepancies between an individual’s current leeadd their self-reported childhood or earlier
residence, this exaggerates true population flad@wever, the wording of the DHS
questionnaire, the substantial differences betwleer®ducational characteristics of migrants and
non-migrants within regions, and the tendency dfreported migrants to cluster close to other
self-reported migrants, all suggest that the pdpranovements recorded in the DHS are by and
large a genuine feature of the data. The volyntavement of young adults from poor rural to
rich urban regions is a well-known feature of liidess developed countries. The voluntary
movement of young adults from rich urban areasotur pural areas appears to be a characteristic

of life in these countries as well.

[I1. Methods: Product Sampling and the M easurement of 1 nequality

Let real consumption in household h of group gdardry c at time t be given by:

@ INCrg) =IN(Cy ") + REEyg + Uy
whereEnq is household adult educational attainméRrfl, the educational profile of In
consumption in the country (motivated, say, byreiationship between earnings and education),
In(CgR{E) mean group In consumption at zero educationahatent, andi,g & mean zero
orthogonal error term. Consumption inequality wita country is driven by two factors: (1)
educational inequality; and (2) “residual inequélas determined by the variancewénd inter-
group variation in consumption net of educatiorCfiif). It will be convenient to define
residual inequality in units of equivalent educaéibinequality. Thus, one can thinkgf: as

having a group standard deviatiag‘agt(u and In(CgF‘[E )as being given bRED,,, so that

gt’

o, (u) and D represent the standard deviation and mean of gesigual (net of education)
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consumption measured in units of education. Graapsbe defined at any level that allows
consistent and comparable aggregation and compawiger time. In my main analysis | divide
the population on the basis of their residence twtbgroups, urban or rural, but later on |
differentiate groups by both their location and raig status.

Say the real demand for product p is given by:

(2 IN(Qyig) = T oot + 1 In(Cth) + B;act;(hgt * &gt
where thex, are constantsy,; the slopes of quasi-Engel curve)ghgt and ,[;’pct vectors of
demographic characteristics and their associatefficients, and;ng: a product x household
error term driven by variation in preferences avghl prices. | use the term quasi in describing
the consumption elasticitieg; because Iifyng) Need not be actual In quantity demanded but
only some measure related to that quantity, su¢heagmdex in a probability model. Variation in
local conditions may result in country x time véina in the level of product consumptiam) (
and its responsiveness to real consumption anceholgsdemographic characteristigsandp),
as indicated by the “ct” subscripts on these tamike equation.

Consider next the use of survey micro data fontgwc at time t to simultaneously

estimate a set of product demand equations ofottme: f

(3) In(Qphgt) = apct + bpct(Ehgt + dgt + uhgt) + C;)ctxhgt + ephgt

where, on the right hand side, data on househaldagnal attainment and demographic

characteristics i, and)a(hgt)9 identify the coefficient®,.andC ., the co-movement of the

pct?

consumption levels of all products across regiagrswithin households identifies the group

°| use the mean educational attainment of housaheluibers aged 25 to 65 fiar As for the demographic
controls K), these are: (a) household durables and housimgjtgans: In number of household members; (b)
youths’ school attendance: individual’s age,%ayel sex; (c) women’s work, fertility, and marisghtus:
individual’s age and ade(d) infants’ diarrhea, fever and cough: indivitlsaex, In(1+age in months) and In(1+age
in months¥; (e) infants’ survival: individual’s sex and In(age in months).

16



dummies and household random effelgtsandung, and thea,; andeyng: are product means and
residual error, respectively. Estimation is carmeit survey by survey to calculate the degree of
inequality implied by consumption patterns in eaghvey and also allow for country x time
variation in the coefficients, but all product etjoas within a survey are estimated
simultaneously so as to identify the group dumnaies random effects. One of the group
dummies must be set equal to zero (as the bask)pany main analysis | take that to be the
rural population of the country. Using the substsU andR to denote the urban and rural
groups, from (1) and (2) above it can be seenabwgnptotically the coefficient estimates

converge to:

—

(@) B =MpRE € =B Ao = Ao +11,6 NCET)
OA-Ut (u)= Ou (u) OA-Rt(u) = JRt(u) aUt =Dy = Dg
where, as noted earlier, group differences in nhle@onsumption at zero education and residual
consumption variation are measured in educatioivelfnt units.

At the theoretical level, the model described a&bigvan extension of the product
sampling techniques used to measure real consumlptiels in Young (2012) to the
measurement of inequality. While the earlier papevides additional intuitive and technical
detail, a few comments can highlight some of ther@gch’s strengths and weaknesses. Real
consumption depends upon nominal expenditure divigeprices. Gathering data on both of
these can be challenging, particularly as there lo@agubstantial variation in local prices that is
difficult to measure. Thus, the implicit cost dffaéning a given household standard of living
depends not merely on nominal prices, but als@otofs such as government provided

infrastructure, the proximity of markets for gootdgyour and education, and the disease
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environment, factors which probably vary consideraleross locales in developing countries.
As the real consumption of individual productsdkted, through the Engel curve, to total real
consumption, a sampling of real product consumpti@mvides a direct measure of total real
consumption, bypassing the need to measure noepanditure and (explicit and implicit)
nominal prices. This is the strength of the apgpinoa

The weakness of my method lies in its dependengeanfuct sampling. Any sample is
subject to sampling error. Differences in relagivees induce substitution between products.
Depending upon how the relative price effects fgiven sample of products are correlated with
total real consumption differences across housshad locales, the sample might exaggerate or
underestimate inequality. Relative price effeaise the consumption of one product at the
expense of another, so their expected value imglgaof products can legitimately be described
as zerd? Nevertheless, in a small finite sample of prodiibe possibility of bias always exists
and, at a minimum, there is always random erraatian induced by the random sample. With
regards to bias, a particular concern, given thep's emphasis on the role of urban-rural gap,
might be that the DHS products exaggerate urbaal-differences! To address this, in the
pages below | compare my estimates with conventeia sources and show that there does not
appear to be any particular exaggeration in my oreaof urban-rural differences relative to my
measures of aggregate inequality. Recognizingthieae is substantial error variation, not least

because the sample of available products variegwbat survey by survey, | focus on

%Anything that raises consumption of all productsiiparticular area is most appropriately descrimed
rise in total real consumption.

“Thus, one might argue that publicly provided infinasture lowers the relative price of electricityda
electrical appliances in urban areas. One miggared, however, that a lower frequency of diarrfegrs and
coughs is easier (cheaper) to attain in less dgpsgulated rural areas and that the demand fosp@t vehicles
such as bicycles is increased by the lack of atére public transport. The issue in this debatesdhot lie in
whether or not it is desirable to account for thelieit and implicit differences in the prices aswted with various
outcomes in urban and rural areas, but whethee tisex systematic bias in my sample that exagge(ate
understates) urban-rural differences relativedg, within region differences.
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systematic patterns in the entire sample withcatipg undue credence in the estimates for
individual countries.

In its empirical implementation, the model desalilbe equation (3) is a simple extension
of Butler and Moffitt's (1982) discrete choice ramd effects model to include constraints (the
bpey) oN the influence of dummy variables and randoi@ot$ on the consumption of each
good!? These constraints produce an implicit weightigghe tightness of the relation between
product consumption and household educationahatimnt. In products where the correlation
between household consumption and educationahatéait is very high, the estimation of the
quasi-income elasticitiy, is driven by this relation and the estimated grdummies and
random effectsly;, oi(u)), in trying to match cross-group and within gralifferences in average
consumption levels, conform to it. In products vehthe correlation between household
consumption and educational attainment is weaklikeghood is very flat inb,e, and the
estimated value di,.; is made to conform to the estimated group dumimesrandom effects.
To illustrate this, | have estimated each of th@@groduct x survey consumption combinations
appearing in my estimation of (3) as a separatedata discrete choice model on mean
household educational attainment, a country cohsaad the demographic variables used in (3).
Regressing the absolute difference between tha-glasiicitiesb,; estimated in these equations
with theb,; estimated in the joint product likelihoods of (8) the standard error of the
individually estimatedb,e;, | get a a coefficient (s.e.) of .787 (.133). $hiun moving from the
individual product equation to the joint modele: moves less where the individual product

relation between education and consumption is gt(standard error is small) and, consequently,

2Thus, | use maximum likelihood techniques, modetimghousehold random effects as normally
distributed and using 20-point Gauss-Hermite quadeao integrate the joint logit probability distution of each
household’s consumption bundle.
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bpct IN these circumstances has a stronger influendetgrmining the magnitude of the group
dummies and random effects.

All of the coefficient estimates described abokeia units of equivalent education. To
convert these into money metric units, one neetimates ofRg, the proportionate change in
monetary consumption associated with an additipeal of education. Under the assumption
that savings rates do not differ systematicallyetycational attainment, | estimd&e using data
on individual labour income present in 27 DHS sysvi®dr 14 sub-Saharan and 11 non sub-
Saharan countries. | run Mincerian regressiorti®fn income of individuals aged 25 to 65
working for others on their years of education&diament, sex, age and age squared, with cluster
fixed effects, and in separate regressions artiestanates of .113 (.003) for sub-Saharan Africa
and .087 (.002) for the non-African countries. B likely to be considerable measurement
error in individual attainment and, indeed, whemnskrument the worker’s educational attainment
with the educational attainment of other househattinbers the point estimates rise to .139
(.009) for sub-Saharan Africa and .104 (.005) fer hon-African countrie§’ These results
compare favourably with those of other studiesusTior example, Psacharopolous (1994) in his
oft-cited survey of Mincerian regressions findsaaerage marginal return of .134 in 7 sub-
Saharan Africa and .107 in 37 non-OECD non sub+&ahaountries.

In what follows, where an estimate{ is necessary | extrapolate the coefficient
estimates of the 27 survey Mincerian IV regressiescribed above to the entire DHS sample,
using arRe of .139 for sub-Saharan Africa and .104 for the-Adrican countries. Thus, | use

this estimate oRg in the next section to show that my method produgimi coefficients and

13The OLS sample sizes are 8041 sub-Saharan indisidLE513 non-African individuals, while the
corresponding IV sample sizes (reduced by the teédd individuals in households with other adalinily
members) are 5897 and 13054. Further detailsesethegressions are provided in Young (2012) dsoriot
reproduce them here. Relative to that earlier pabe only change is that I've added data on Jotdahe non-
African sample, but this has virtually no effecttbe point estimates.
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urban-rural gaps that are similar to those foundtier sources. However, the strength of the
DHS lies in its consistent cross-national data imdpct consumption, not in its limited
information on labour earnings. Consequently,rgspnting the main results of the paper | focus
on relative magnitudes, decompositions or regraessichereRe plays no role, as it simply scales
all components equally or is incorporated intordgional fixed effects of a In regression, so the

analysis is just as easily executed in terms ofsyeBequivalent education.

V. Results: Patternsof Inequality

(a) A Comparison of Ginis & Urban-Rural Gaps

| begin by establishing that my methodology pratueasonable estimates of aggregate
inequality and urban-rural gaps. From the Unitedidhs University World Income Inequality
Database | take the country average of all estenaitéhe Gini coefficient since 1990 for my
sample countries. There are 437 such observatibmghich only 12 are deemed grade A quality
by the UNU, for 56 of my 65 countries. Most ofdkeestimates come from World Bank sources.
Against these | graph, in Figure I, the countryrage Gini implied by my DHS estimatesing
theRes of .139 for sub-Saharan Africa and .104 for #reainder of the sample estimated using
the IV Mincerian regressions of individual laboncome described abové.| find that the two
sets of Ginis have a modest correlation of .304h wirong disagreement on countries such as
Guinea and Ethiopia counterbalanced by basic agretam the high levels of inequality in
Zimbabwe and Namibia and the comparatively equetaidtributions of countries such as
Albania and Pakistan. The average Gini of .54 dbunmy DHS estimates is somewhat higher

than the .47 found in the typical micro-data basadulation. | note, for the purposes of

YAs, under the assumptions of the estimation framkewesidual consumption in each group is disteblut
In normally, | use the formula for the Gini coeféint for a mixture of In-normals developed in You2@11).
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Figure I: UNU-WIID & DHS Ginis
(country averages)
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discussion further below, that multiplying my esdites ofRe by .85 (i.e. reducing them by 15%)
brings the mean DHS Gini coefficient in line wittetmean UNU-WIID observation.

Figure Il compares my estimates of the urban-rgagl with macro data reported by
international agencies. In Figure Il (a) | graph thoney metric values of the DHS urban-rural
gaps (calculated using the baselfs mentioned above and including the contributiobhath
residual and educational differences), againsatleeage 1990-2010 In relative GDP per worker
of non-agricultural to agricultural workers in mgmsple economies, as reported in the World
Bank’s Databank. The two measures use distinuteats (relative real consumption per
household vs. relative nominal output per worked sectoral definitions (urban/rural vs.
agricultural/non-agricultural> but are nevertheless modestly correlated. Howévermean
DHS In urban/rural consumption gap of 1.52 is 4&eet higher than the 1.10 difference in non-
agricultural/agricultural output per worker suggesby World Bank GDP data. In panel (b),
however, | substitute the FAO’s measures of thecaljural/non-agricultural economically active
population for the World Bank’s numbers, while aonaning to use the World Bank GDP figures.
The average macro estimate of the sectoral gaptose.27 and the correlation with the DHS
data improves. In the DHS, the ratio of total rehed members to individuals of working age
(between 16 and 65) is 14 percent higher in rinedsa This suggests that an adjustment from
per worker to per capita might easily add .14 ®FAO and World Bank numbers in Figure 1.
Multiplying my estimates oRe by .93 and .82 eliminates the remaining differewitd the FAO
and World Bank means, respectively.

In this paper | emphasize the contribution ofuhgan-rural gap to aggregate within

country inequality. Figures | and Il show that estimates of inequality are somewhat higher

5The DHS do not report industry of employment, witiile ISIC codes dividing GDP and employment are
based upon industry rather than urban/rural resileso it is not possible to make the two souroesptetely
comparable.
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Figure Il: Urban-Rural Gaps Estimated
Using Alternative Sources (country averages)

(a) DHS vs World Bank
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than conventional sources, but this discrepanapisoncentrated in my measures of urban-rural
differences. The reduction R: needed to bring my estimates of urban-rural diffiees in line

with alternative sources is smaller or equivalerthiat needed to equalize my measures of
aggregate inequality, which include my estimatewidiin region inequality, with conventional
data. This suggests that there is no relativeibiasy measurement of the urban-rural gap
relative to within region sources of inequality.

In evaluating their differences with the DHS basstimates, it is perhaps worth
recognizing that the discrepancies between andriaicty within the conventional data sources
listed in Figures | and Il is nothing short of sjagng. As shown in panel (c) of Figure Il, the
correlation between the World Bank and World Ba®Festimates is surprisingly weak, given
that the two sets of data share the same numel#ter8Vorld Bank estimate of sectoral GDP)
and differ only in the denominators (the sectogglydation). As regards within uncertainty,
regressing the country x year observations of sacdince on country dummies, one gets an
estimated observation standard error of .711 feriorld Bank data (466 observations in 56
countries) and .315 for the WB/FAO data (1231 olmtgons in 64 countries). These standard
errors imply, for example, that the 95% confidemterval for the typical World Bank In
observation is + 1.39, i.e. the true (anti-In) \wals somewhere between ¥4 and 4 times the
reported value. Similarly, regressing the 437 UGIldi’'s on 56 country dummies, one gets an
estimated observation standard error of .064, wisicjuite large for a Gini coefficient. As for
my DHS estimates, to their estimated standard €frowst be added the inaccuracies created by

imposing, due to a lack of country level data, watues ofRe on the entire sample.

Regressing the 167 DHS survey urban-rural gapsGamidcoefficients on country dummies produces
observation standard errors of .220 and 036, réispbc This, however, understates the true stechéaror as it
does not take into account the unmeasured cowelatiross observations brought about by the uaecommon
sample of products and estimate$Ref
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There is fairly little and often highly inaccuratad inconsistent data regarding income
inequality and urban-rural differences in the leegeloped countries which constitute my
sample. The figures above show that my methodduseestimates that are broadly consistent
with alternative sources and do not have any olsvielative bias in the measurement of urban-
rural differences relative to within region diffaces. These money metric comparisons,
however, rely upon estimatesi{ based upon the data of a small subset of DHS gsiras the
collection of data on labour income has never lzeeantral objective of the DHS. To finesse
this obvious weakness, for the remainder of theepafocus on educational equivalent measures
where | am able to make use of the informationgmes most of the DHS surveys to explore
patterns of inequality within countries.

(b) Basic Characteristics of the Estimates

Table IV summarizes the DHS-based estimates ofdhgonents of inequality, in years
of equivalent education. The top panel providesiiean estimate of each component across the
167 surveys, its standard deviation, and its metimated standard error, while the bottom panel
provides the same statistics for the country méacr®ss all available surveys for each country)
of each component. While the standard errore®estimates are substantial, they are small
relative to the observed coefficient variation asreurveys and countries. There is a great deal
of persistence in the measures for individual coestas shown by the fact that the standard
deviation of the mean country coefficient estimasegenerally slightly larger than the standard
deviation of the survey estimat€s.

The DHS data suggest that on average urban resicrelality is slightly lower than

rural residual inequality, while urban educatioim&quality is substantially higher. Across the

YSince on average there are 2.6 surveys per colifiting variation across surveys was all iid trensiard
deviation of the country means would be about f6R® standard deviation of the survey coefficients
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167 surveys, the standard deviation of total witleigion inequality, equal to the square root of
the sum of the residual and educational variaree=ages 6.88 for urban areas and 6.55 for rural
areas, with a correlation of .692. Within regioequality pales next to the urban-rural gap,

which averages more than 12 years of equivalertattun, composed of 3 years of educational
inequality and more than 9 years of residual intyuaThe variation in the urban-rural gap
across countries is also much greater than thati@riin the other components of inequality.

The greater magnitude and variation of the urbaabgap means that it accounts for most of
within country inequality and most of the variatiacross countries in inequality, as shown
further below.

As noted earlier, | follow Becker, Philipson & Sear(2005) and Jones & Klenow (2011)
in taking a broader view of consumption than thealiexpenditure survey by including measures
of health and family economics. None of the restdported in this paper depend upon this
broader concept of consumption. Figure Il graihfesestimated In standard deviation of residual
inequality, i.e. total inequality in the absenceanf educational inequality,measured using
only durables and housing against that measured adli available products. The correlation
across the 167 survey observations is .961 anch#an measures are only 5 percent apart.
Idiosyncratic variation in individual outcomes tertd make the estimates of household random
effects in health and family economics less pretiseit because these products are broadly
consistent with durables and housing they lowemtlerage standard error of the In standard

deviation of residual inequality by 4.6 percentthout much influence on the coefficient point

¥The formula for this is given shortly below. Edtioaal inequality is always the same, regardlesthef
products used in the analysis, as it is based tippaurvey population characteristics.

19As discrete choice models assume a given variara@é underlying latent variable, additional
idiosyncratic variation results in a proportionalthward scaling of all of the coefficient estimatés my model
this does not influence the estimates of the coraptsnof inequality, which are measured relativtheocoefficient
on educational attainment (i.e. scaling keeps thetses intact). However, it does raise the stash@aror of the
components as the residual variation rises relativeodel variation.

25



Figure Il In Standard Deviation of Residual Inequality
(yrs of equivalent education - 167 survey observations)
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estimates. In sum, on the theoretical groundshtealth and the allocation of family time are,
along with durables and housing, all equally p&& bousehold’s consumption decision, and on
the practical grounds that the larger sample lowstsnation error without offending skeptical
readers by unduly influencing the average reslitglude these products in my measures of
consumption inequality.

(c) Decompositions

The model estimated in this paper allows for samerésting decompositions of the

aggregate variance of In consumption, namely:

(5) 0% = RZ| S, (07 (E) + 02 () + Sy (0A(E) + 0A(W)) + S, Se(E, + D, —Eq ~ D)’

urbaninequality ruralinequality urbanruralgap

=RE| S,00(E)+S:0r(E) + §,05(u)+S.0%(u) +S,Se(Ey +Dy —Eg —Dg)?

| within regioneducationh  within regionresidual urbanruralgap

| S,07(E) + SR0A(E) + S, Se(By —Eg)’ + 5,07 () + Sqoa(U) + S, Sp(Dy —Dg)’?
_R? educationéinequality=c%E) residuainequality= c(u)
- e

+28,Sz(Ey —ER)(Dy —Dg)
L interactian

whereS, andSk =1-S, are the urban and rural population shares Ed;, 4,(E), ando;(u) the
corresponding mean regional educational attainneehigational equivalent mean In
consumption at zero education, standard deviafi@docational attainment, and educational
equivalent standard deviation of residual regidmmalsehold consumption, respectivélyThe
first line of (5) decomposes inequality into theattdution of urban inequality, rural inequality

and the urban-rural gap. Since | find that ovardtlan and rural inequality are generally quite

“For notational simplicity, | drop the “ct” notatiphut each of these variables is calculated segigrtair
each country x time period (i.e. survey) combinatio
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similar, the second line rearranges terms to focuthe separate contribution of within region
educational and residual inequality. Finally, thied line decomposes total inequality into the
inequality due to education in the absence of asidual inequalitg?®(E), the converse?(u),

and the interaction between mean urban and ruifateices in education and residual
consumption levels. BecauRe enters each line of the equation multiplicativéie percentage
contribution of each of these elements to ovenatjuality can be analyzed independentlRef
This is not true for other measures of inequasitich as the Gini coefficient or population
quantiles, and is the reason why | use this medeutbe decompositions further below.

Figure IV graphs the country average of the shatheovariance of In consumption
coming from residual and educational inequalityr &erage, educational inequality accounts
for only 19% of total inequality, while residuakiquality accounts for 66%, with the interaction
between the two (not drawn) making up the remainder shown, the share of residual
inequality is higher and that of educational indify#ower in more unequal countriés. These
results stem from the greater mean value and casstry variation of the residual components
of inequality gu(u), or(u), Dy-Dr) relative to the educational components of inety&iy(E),
or(E), BU-ER), as shown earlier in Table IV.

Figure V graphs the country averages of the stadrgee variance of In consumption
attributable to urban-rural differences (both ediocel and residual), within region residual
inequality and within region educational inequali9n average, urban-rural differences account
for 40% of total inequality, and within region résal accounts for 43%, while within region
educational only accounts for 17%. The sharelodnrrural differences is much higher in more

unequal countries, while the share of within regiesidual and educational inequality is

ZThe share of the interaction term has no particagapciation with the overall level of inequality.
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Figure IV: Shares of Variance of Consumption
(65 countries)
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correspondingly lower. This result stems fromltrge magnitude and cross-country variation
of the urban-rural gap, as described earlier ind &b

Table V provides a quantitative re-expression efghtterns observed in Figures IV and
V, focusing on the standard deviation of In constiompunder various scenarios. In the first line,
we see that the averagithin countrystandard deviation of In consumption measureckary of
education is 8.85. The standard deviation oftiesisurecross countriess 2.22. Absent any
educational inequality, the average standard dewiaf within country inequality would fall by
1.6 years, to 7.25, and its cross-country variatvouald be largely unchanged. However, absent
residual inequality, that is if the only sourceraquality were educational, the standard
deviation of within country inequality would fallybmore than 5 yrs and its cross country
standard deviation would fall to less than 1/3tefriginal valu¢? As shown in the table, the
removal of all urban-rural differences, maintainimighin region residual and educational
inequality, would on average lower the standardat®sn of within country In consumption by 2
years to 6.69 and reduce its cross-country vandialmost a year. The elimination of residual
urban-rural differences clearly plays a much biggé in this reduction than the elimination of
urban-rural educational differences. The elimmabf within (urban/rural) region residual
differences brings the average within country staddleviation of In consumption down to 6.67,
on par with the impact of the elimination of urlyamal differences, but it has a much smaller
effect on the cross-national variation in this measwhich only falls to 1.96 years. Thus, as
indicated earlier in Figure V, on average urbararurequality and within region residual

inequality account for about the same share of vathin country inequality, but urban-rural

“These decompositions are not additive for two nessdrirst, as shown earlier in (5), there is an
interaction between residual and educational ingla determining the total variance of In consption. Second,
in order to provide a slightly different take orttlata, in this table | focus on the average standieviation of In
consumption, rather than the component sharesofdtiance of In consumption presented in Figuveand V.
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differences are a much bigger determinant of ianadcross countries in overall inequality.
Finally, as shown in the bottom line of the talles elimination of within region educational
differences reduces the average standard deviationconsumption by less than a year, without
much impact on its cross-country variation.

(d) Correlationswith Urbanization and GDP

This section explores the correlations, in leveld differences, between the components
of inequality and urbanization and GDP. The faigtcolumns of the top row of Table VI below
list the estimated components of inequality in sioit equivalent education: urban and rural
residual inequalitydy(u), or(U)), the residual urban-rural gap(-Dg), urban and rural
educational inequality(,(E), or(E)), and the urban-rural educational gap€r). The next four
columns report aggregates calculated from thesg@aoents, namely overall urban or rural
inequality(s; = V(ai(u)*+ai(E)?), the overall urban-rural gap(-Dr+E-Eg), and the national
standard deviation of In consumption, as givendpyagion (5) earlier. Each cell of the table
represents a different regression of the 65 counegn values of the variable listed in the
column heading on the independent variable indlaelreading, plus a sub-Saharan dummy.
Since | use the In of the dependent variables, Wereneasure these in money metric units (i.e.
includeRe in their calculation), the (unreported) sub-Sahatammy would change, but the
coefficients | focus on would remain the same.

My main purpose in presenting the results of Tables to serve as a contrast for the
significant results presented later in the pap®hether measured using the DHS'’s urban
household population share or the World Bank’svestie of the population’s urbanization rate,
the Penn World Tables measure of real gdp peraapithe United Nations’ measure of constant

dollar real GDP, the urbanization rate and real @BPcapita have virtually no significant
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relation with any of the components of inequaliBural educational inequality does appear to
rise with the level of GDP per capita, perhaps $yrbecause, given that educational attainment
is bounded from below by zero, the expansion otation at very low levels of attainment
cannot but raise its standard deviation. LevEbggregate inequality also appear to be higher in
more urbanized countries. Overall, however, tlageeprecious few significant relatiofis.In
particular, the residual urban-rural gap, showhemne of the most important determinants of
inequality in the tables and figures above, isejuitlependent of the urbanization rate and GDP.
The results regarding the urban-rural gap in Tathlseemingly contradict Caselli (2005)
and Restuccia, Yang and Zhu (2008) who, using PWATRAO data, show that the ratio of non-
agricultural to agricultural productivity falls viitreal GDP per capita. The negative relation they
find between relative sectoral productivity and G? capita exists primarily amongst rich
countries, which are absent from my sample. TaKiagelli’s publicly posted data, a regression
of the In of his estimate of relative gdp per warkenon-agriculture to agriculture on his In
PWT 6.1 gdp per worker measure produces a coettiol-.799 (.085). However, restricting the
regression to the poorest %2 of his sample chamgesaefficient to -.397 (.182). If one then adds
a sub-Saharan dummy to this regression, the caaffics an insignificant -.059 (.232). Similarly,
restricting the regression to the overlap of Césealata with the countries in my DHS sample
(37 countries) and adding a sub-Saharan dummy pesda coefficient of -.262 (.200). The
results in Table VI are quite consistent with thdized facts presented by Caselli and Restuccia,

Yang and Zhu, given which countries account forpgagterns they descrilé.

ZThings do not improve if | enter the urban popwaiatshares along with the PWT or UN measure of GDP,
while regressions on the variable listed in eaeh ptus its square (i.e. quadratics) always findtthe terms to be
jointly insignificant.

“There is also the issue that they are focusingtaive productivity, whereas my measures areivelat
real living standards. If g is output per workies,the price of output, andcRhe price of consumption, then their
measure relates to a comparison of q across seatoeseas my measure, roughly speaking, relatastonparison
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(e) Relative Consumption of Migrant Households

In this section | re-estimate the consumption imditpymodel treating migrant status
(rather than simple urban/rural residence) as #fi@idg characteristic of groups. This allows
me to explore the relative mean consumption anénee of consumption by migrant status. As
described earlier in Section Il, | use data onmatividual’s current residence and residence prior
to the age of 12 to classify households into peenarural or urban residents and rural to urban
or urban to rural migrants, while data on when fach where an individual moved into an area
allow me to classify households into permanent midrarural residents and rural to urban, rural
to rural, urban to rural and urban to urban miggantdetermine the migrant status of households
on the basis of the migrant status of each sexping households where there is disagreement
between the migrant status of individuals agedo28twithin the household. As male
guestionnaires are available much less frequelndy female questionnaires, | consider separate
classifications of households based upon the stdtegher adult male or female members.

Table VIl reports the relative consumption, aftec@unting for educational attainment, of
the different migrant groups. As shown, urban @aremt residents enjoy residual mean
consumption levels that depending upon the samplal@out 8 to 10 years higher, in units of
equivalent education, than those of permanent rasidlents. This is consistent with the mean 9
year gap in urban-rural residual consumption lef@ishe full DHS sample noted earlier in
Table IV® On average, rural to urban migrants appear tydijing standards that are slightly

lower than urban permanent residents, while urbamhian migrants enjoy residual living

of Po*q/Pc (nominal income divided by consumption pricesy moted by Lagakos and Waugh (2011), relative non-
agricultural to agricultural output prices rise WiEDP per capita, and this offsets the fall intreéanon-agricultural
productivity.

“The estimates in this table, as in Table |l egréeclude surveys where there is less than a .8Sistency
between the urban/rural and city/town/village dficsations used by local statistical authorities veell as any
country which is reported by the Norwegian RefuGeencil as having more than 1% of the populatidgarimally
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standards that are slightly higher. For the mast, nowever, these differences are not
statistically significant, so whatever differencésés on average it is not very precisely estimated
survey by surve® As shown in the table, urban to rural migrami®e living standards that are
a little over two years of equivalent educationagee than those of rural permanent residents,
while rural to rural migrants have an advantagbaif a year or less. Again, while these
differences appear to exist on average, they aea @isignificant in individual surveys.
Comparing the living standards of migrants to peremd residents in their region of origin, in
money metric terms (using tikes mentioned earlier) rural to urban migrants appeanjoy a In
consumption gain ranging from .89 to 1.10, depegdioon the measure used to determine
migrant status, while urban to rural migrants appeauffer a In consumption loss ranging from
-.66 to -1.00. Finally, I note that the consumptstandard deviations of all the groups are
extraordinarily similar. In particular, there aseely any significant differences between the
variance of outcomes of interregional migrantsthetato their stay-at-home cousiffs Thus, it

is difficult to motivate the interregional movemaitlabour with a mean-variance tradeoff.

V. Unobserved Human Capital and the Urban-Rural Gap

There are large urban-rural differences in consionptMoreover, rural to urban

migrants appear to enjoy great improvements irr themg standards with no change in the

displaced by conflict or violence in any year beaw@001 and 2010 or reported by the UNHCR as havioig than
1% of its population as protected or assisted mat&r displaced persons in any year between 198328a0.

**Thus, looking at the consumption of rural to urlbaigrants relative to urban permanent residents, the
difference is significant at the 1% level in 18loé 33 countries in the upper left-hand panelionly 13 of 38, 6
of 25 and 6 of 30 countries in the other panelsgdRding urban to urban migrants and urban pernaesidents,
the differences are significant in 23 of 38 and 8@countries in the two relevant panels.

?'Thus, the urban to rural versus permanent rurégrifice is significant in 29 of 33, 30 of 38, 1126fand
14 of 30 countries, while the rural to rural verpesmanent rural difference is only significantlih of 38 and 6 of
30 countries.

280f the 252 such comparisons possible in the vagamels of Table VII, only 28 are statistically
significant at the 1% level.

32



variance of their outcomes. These facts natuledly one to the conclusion that the urban-rural
gap represents an incompletely exploited arbitcggportunity, a “wedge” between urban and
rural factor returns whose removal would dramaltydalcrease overall living standards.
However, it is apparently also true that that theeelarge numbers of urban to rural migrants
who seemingly “enjoy” great reductions in theiitig standards, again with no change in the
variance of their outcomes. Since this populafiow appears to be completely volunt&ryone
can only conclude that these individuals wouldaaitially have had better outcomes had they
remained in urban areas, i.e. that they have umeddeharacteristics that firmly place them in
the lower tail of the consumption distribution béturban born. This viewpoint then allows one
to reconsider rural to urban flows as represenfogsibly, the outward movement of individuals
whose unobserved characteristics firmly place tirethe upper tail of the consumption
distribution of the rural born. In sum, the urbramal gap need not represent a gap between urban
and rural factor returns; it might simply be thepameal manifestation of the geographic sorting
of the population on the basis of unobserved aitet

In this section | present a model of observablewarabservable human capital and the
demand for skills that produces an urban-ruralirsgrif the type described above. The model is
similar in spirit to the model of unobservable kskdnd agricultural-non-agricultural productivity
differences developed by Lagakos and Waugh, wii¢hrn is an application of Roy’s (1951)
model of worker heterogeneity. Relative to Laga#&od Waugh, the principal innovations are
geographically distinct relative factor demands drelintroduction of education as an observable
indicator of unobservable skills. These elementsug producing testable predictions of the

urban-rural gap as a function of residence prohliegsilwhich are supported by the DHS data.

%At the risk of annoying the reader, | once agaimpkeasize that in discussing patterns of migraticab(@
I1) and the consumption of different migrant grojpable VII) | have removed from the sample all ories which
have had more than 1% of their population displdneihternal conflict.
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(a) Mode

Consider an economy with two perfectly competitivéustries, urban and rural, which
produce output according to the constant returrssade production functions

6) Q =AS"US™
wherei denotes the sector (urban or rur&andU§ the input of skilled and unskilled labouy;,
a productivity parameteanda; the skilled share of total factor payments. Th®an sector is
more skill intensive than the rural sector, #2¢ > ar. Due to unspecified positive externalities or
complementary local factors, industries are gedgcatly concentrated, so workers working in
urban industry must reside in urban areas and w®fkerking in rural industry must reside in
rural areas. There are, however, no barriers stsdo the movement of labour. Thus, in
equilibrium skilled workers are pawk everywhere and unskilled workesgs.

The well-known first order conditions for eachiis optimal use of inputs imply

(7) SI - ai WUS
UsS 1-a, wg

With SandUSrepresenting the total supply of skilled and ulesttilabour, letly =S /S

denote the share of the skilled labour force waykimindustry i, or equivalently the probability a
skilled worker is employed and resides in sectwith M, =US /USdenoting the same for
unskille d labour. Obviously1¥ =1 forx =S, US Using this fact and (7) for both

industries, one easily derives the relation:

(8) ng - au 1_aR HHS

1-nY 1l-a, ap 1-Ng

As ay > og, in equilibrium
9 Mg >MNys and Mg <Mj

Given the greater skill intensity of the urban seca skilled worker is more like to work and
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reside in the urban sector than an unskilled worked vice-versa for the rural sector.

Workers' human capital is composed of observatdeumobservable components. While
E, the years an individual spent in formal educatismlirectly observable, the actual outcome of
that education is not. With probabil®(E) a student graduates to become a skilled worker and
with probability1-P(E) graduates as an unskilled worker, wiKE) > 0. Normalizing nominal
values so that the wage of the unskilled equals weesee that the expected In income of
someone with educatidais given byin(ws)*P(E). Consequently, the Mincerian return to
education Re) equaldn(wg)*P(E). A positive Mincerian returns requires that> 1, i.e .that
factor supplies and demand are such that in equitibskilled workers earn more than unskilled
workers, which | shall assume throughout.

Turning to the urban-rural gap, B{E,i) denote the probability a worker is skilled given

that they have educational attainmErdand are observed working in sedtofThis is given by:

P(E)M
P(E)Ms + (L- P(E))Mys

10) P(E,i)=

where the denominator is the probability workergddicational attainmelt work in sector,

while the numerator equals the probability theykvarsector i and are skilled. From (9) it
follows thatP(E,U) > P(E,R) for any given level of educational attainmentaker observed in
the urban sector is more likely to be skilled. sTisia natural consequence of the urban sector's
higher relative demand for skilled workers. Sibgeassumption skilled workers earn more on
average than unskilled workers, these probabilgresiuce an urban-rural gap, as for a given
educational attainment urban workers earn more ¢barparable rural workers. Measured in

units of equivalent education, this is given by:
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09 UR Gap = )P4 V)Pl P
_ 1 { P(4:)3 _ P(u:)N§ }
P'(1e) | P(ue)Ms + A= P(ue))Mgs  P(ue)M S + (1= P(u))M s

where | have substituteg (the average educational attainment)Hon the equations, as the
econometric estimates are determined, more orbgdfie characteristics of the average worker.

Equation (11) highlights two points. First, itssts that, modulo the production function
P(E) mapping from education to skill, the urban-ruesdidence probabilities are “sufficient
statistics” for the urban-rural gap. Thus, whileithpanoply of elements (demand, factor
supplies, and factor intensities) underlies themheination of these probabiliti€& given
information on these probabilities one can igndrefahe underlying general equilibrium
structure. Thus, in presenting the model | h&maed over or avoided such details because,
conditional on the residence probabilities, thesy@mpletely irrelevant. Second, the model
predicts that when the urban residence probalsildfahe skilled and unskilled are equal, so that
ng =Mye =N (the overall urban residence probability), the urbaral gap is zero. Thus, it is
not higher or lower rates of urbanization per s tenerates the urban-rural gap, as confirmed
by Table VI earlier which found no relation witherall urbanization, but rather the differences
in the urbanization rates of different types of keys. | explore this prediction further below.

To summarize, differing factor intensities produltiéerences in the ratio of skilled to
unskilled workers across sectors. In equilibriitng more likely that a skilled worker will
choose to work in the urban sector than an unskillerker. While observable educational
attainment determines the probability a workekiesl, the correlation between educational

attainment and skill is not perfect. The relafizetor demands of the different sectors, however,

3030, countries with a greater supply of educateddakwill, by the usual Rybcinski effects, have aager
fraction of workers of all types in urban areagmitarly, levels of development and proximity tade overseas
markets will, through the income elasticity of demand trade, respectively, affect the allocatiblaloour to the
different sectors.
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produce a sorting of workers, so that a worker given educational attainment working in the
urban sector is more likely to be skilled. Consauly, urban workers end up earning more than
rural workers for a given educational attainmenddpicing the observed "urban-rural gap.”

(b) Empirical Predictions

While the model described above qualitatively rhascthe empirical patterns chronicled
in earlier sections, it also produces strong aoldi, testable, predictions concerning the
determinants of the urban-rural gap, i.e. the diffiee in urban and rural living standards for a
given level of education. Taking a first order arpion of (11) around the points

Ny =Ny =N and . =, one finds that:

_ [P@E-P@] v =) _[P@E-P@]](qv =) 2 cxer -
42 R Gap = [P’(ﬁ)ﬁ(l—ﬁ)}(ns ) {P'(ﬁ)ﬁ(l-ﬁ) (i -71) + 0" e -2

This suggests the regression:

13 URGap() = a + B(N(©)-1) + B(N©-T) + B(u(©)-7) + &)
wherec denotes the country which is the unit of obseoratinde is the error term motivated by
the random error in the measure of the urban-gaplbrought about by product and household
sampling. From the theory described above, welsgehe model predicts:

a4 a =,5’3 =0 and [31 = —[32 (aswellas[?1 >0, ,5’2 <0).

For concreteness, in the regressions which follallIspecify [ and z to be the mean, across
the observations, of the national urbanization aaie average educational attainment, but in a

linear regression of this sort the test statistit§14) are completely insensitive to the choice of
the expansion poinit. Equation (14) constitutes a fairly demanding eesdrictive set of

predictions, in that it is rare to ask of a regi@sshat the constant term be zero and the

*That is, as one varie§ and M the estimate of moves, but the p-values on the hypothesisO and the
joint hypothesis: = 3= 0 andp; = -f,are unchanged.
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coefficients be of equal magnitude and oppositedtdrminate sign. Two regressors, by
themselves, and with restrictions on their sigrns ratative values, should explain all of the
average urban-rural gap.

In the DHS datan' and M are not directly observed. However, the urbariratates
of extreme education groups provide reasonableypmeasures. In the model described above,
the urbanization rate of workers with educatiortdiamentE is given by:

15 MY =P(E)*NY + (1 P(E)* Ny
One can think of estimating, survey by survey,grabability individuals of educational
attainmen€ reside in urban areaﬁlz . With P'(E), asE increases (decreases) this probability is
increasingly representative 6fg (M;)). If one posits that, for all intents and purpngbe
probability of acquiring skill is 1 for individuakst the extreme upper end of the educational
distribution (say those with 16 years of attainmamid O for individuals at the extreme lower end
of the educational distribution (say those withe@ns of attainment} one has

@6 NY=n% and My, =ny.
These estimated values can then be substitutea iregression of the form of (1%).

Before turning to the results, it is necessargddress a potentially important econometric

%2f one believes that the urban rural gap has ngttordo with differences in residence probabilites
education rates, the alternative hypothesis isff¥=5:=0 ando = mean residual (net of education) urban-rural
gap in living standards (approximately equal ta®of equivalent education).

%For the reader crying out (mentally) that unedutaterkers often have skills, in the colloquial sensot
possessed by those with rarified tertiary educa@diow me to reemphasize: the term “skill” inglaper merely
means an ability used relatively more intensivalyhie urban sector that is acquired through educatind confers
substantially higher average incomes.

%4As the consumption data are at the household leestjmate the residence equation at the household
level as well, running a simple logit of a housef®residence (urban or rural) on the average dnuned attainment
of its adult members. As the samples are not bathrthe logit is weighted by the relative urbaratpopulation
weights so as to produce a population-accuratdgiienl of the urban-rural population distributioAs described
above, the estimated residence probabilities atipiper and lower extremes of the educational Bigtion (i.e. 16
and 0 years of education) are then used as prindidise urban residence probability of the skilted! unskilled,
respectively.
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issue. In the regressions which follow | regress estimate (household consumption) on
another set of estimates (residence probabilinessaerage educational attainment). Although
these are based on different aspects of the d&ashare in common the sample distribution of
household educational attainment. Sampling vanattonsequently, may produce correlated
errors in the estimates of underlying paramet@tsus, the observation that two sets of parameter
estimates are correlated may reflect the correlaifche underlying parameters or simply the
correlation of their estimation error. | addrdsis problem by first using bootstrap sampling
techniques to re-estimate all of the consumptiesidence and average attainment equations 250
times®® calculating the correlation between the estimagionr of the different estimates. | then
use maximum likelihood techniques to calculatedreelation matrix of the estimated variables
purged of the correlation brought about by estiaragrror, as described more fully in Appendix
B. In tables below | present results with and withthis correction.

(c) Results

Table VIII regresses the residual urban-rural gag constant, the urban residence
probabilities of skilled and unskilled individuabd mean educational attainment. | begin in
column (1) of the upper panel by proxying the gkiland unskilled with individuals of 16 and 0
years of education, as planned earlier above. r@fdts support the model. The constant term
and coefficient on mean educational attainmentresignificantly different from zero, and the
coefficients on the urban residence probabilitiethe highly and poorly educated are pretty
much equal and opposite in sign. The joint testliathe coefficient restrictions has a gargantuan
p-value. Adjusting the estimation procedure teetato account the estimation induced

covariance between the dependent and independeaibles, in column (4) of the table,

*Rather than random sampling the households, ifyttae sample at the urban-rural level and resampl
clusters of households, as this more accuratelpdeges the typical survey sampling framework.
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produces similar results.

Enquiring minds might want to know how sensitive thsults are to the choice of proxies
for the skilled and unskilled. Column (2) of theper panel of Table VIII substitutes the
residence probabilities of those with 12 and 4 yedreducation as the relevant regressors. The
p-value on the joint test is smaller, but still q@etely insignificant. Column (3) of the table
moves in asymmetrically, retaining the residenabability of those with 16 years as a proxy for
the skilled, but substituting those with 4 yeanstfee unskilled. The joint hypothesis is now
rejected at the 5% level, principally because theffecients on the opposing residence
probabilities are no longer equal in magnitude wigheer, moving the opposite way, using the
residence probability of those with 12 years fa $killed but retaining that of O years for the
unskilled, produces a p-value of .288 (not showsijice the probability of being skilled is rising
in educational attainment, the best proxies forutan residence probabilities of the skilled and
unskilled are the urban residence probabilitiehefextremes of the education distribution, i.e.
those with 16 and O years of attainment, and tpesguce estimates that are most consistent with
the null hypothesis. Nevertheless, if one wantgay around with the choice of proxies, one can
produce less favourable results.

The bottom panel of Table VIII adds a variety ajnessors to a baseline regression with a
constant and the urban residence probabilitiesase with 16 and 0 years of education proxying
for those of the skilled and unskilled. Sincesasn by comparing the right and left hand sides of
the upper panel, the estimation error covarianteden the estimates is not driving any of the
results, | focus on standard OLS procedures (etstsnaith the adjustment are similar). | enter,
one at a time, the urban population share as aslihtey the DHS and as estimated by the World

Bank, real income per capita as estimated by the Réorld Tables and as estimated by the
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United Nations, and a sub-Saharan dummy. In eas#, the null hypothesis that the constant
and the coefficient on the additional variable 280, and the coefficients on the urban residence
probabilities are of opposite sign and equal magieif is never even close to being rejected. In
the final column of the table | enter all of thedditnal regressors, as well as the mean
educational attainment of the population, and thrat the null hypothesis that all of them, plus
the constant, are 0 and the coefficients on tharurbsidence probabilities are of opposite sign
and equal magnitude, has a p-value of ¥18s predicted by the model, the urban residence
probabilities of the skilled and unskilled, by thestves, and constrained in sign and magnitude,
are sufficient to explain all of the urban-rurapgaNothing else matters.

(d) Discussion

A model that explains urban-rural gaps by appealngeographic sorting on the basis of
unobservable skill appears, at first glance, tadi&ing short of tautological, producing results
that are no more than its assumptions. Howevegxamination of the equations describing the
urban-rural gap, as in (11) and (12) above, prositive desired gentlemanly distance between
assumptions and results. To a first order appration, the influence of the urban residence
probability of the highly and poorly educated oa tirban-rural gap should be opposite in sign
and equal in magnitude, and together they shoyithaxthe whole of the urban-rural gap,
leaving nothing for the constant term or averaggational attainment. These surprising
restrictions are supported by the data.

Missing from the presentation above is a predictibmigration flows. If skilled and

%Since this last regression is flooded with regressbie standard errors are large, which might teesito
erroneously conclude that the urban-rural gapdependent of everything. A test of the null hypesik thap, = .
=0, i.e. the residence probabilites don’t mattergjected with a p-value of .004. In responsa ¢oiery from a
referee, | also note that the seemingly peculigosite sign of the DHS and World Bank urbanizatates and
PWT and UN real gdp measures comes from the fatthiey are all entered simultaneously in thislfregression.
Although these variables are highly correlated witlch other, their coefficients come from theihogonal
variation, so there is no reason to expect thgirssto be the same in a multiple regression.
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unskilled workers are completely homogeneous amdmgacosts are literally zero, as described,
then migration flows are somewhat indeterminateipgp certain limits imposed by regional
employment and endowments, urban and rural borkeveican exchange positions without
disturbing any equilibrium relation. Introducingmse heterogeneity in workers’ urban and rural
productivity conditional on their skill status sebsthis problem. As | show in an online
appendix, a model of this sort easily explainsréiative educational characteristics of migrants.
The intuition is obvious. As education is correthtvith skill, sorting on the basis of
unobservable skill produces observable pattermgeis Thus, the concentration of the demand
for skilled workers in urban areas and unskilledkees in rural areas ensures that, on average,
the typical rural to urban migrant will be bettelueated than the typical rural born permanent
resident, while the typical urban to rural migraiilt be less educated than the typical urban born
permanent resident. The appendix also shows hoalidaying that urban education is somewnhat
more efficacious in producing skill than rural edtion the model can be extended to
simultaneously explain both differences in the arbesidence probabilities of the urban and rural
born and in their consumption levels when residimgpe same region.

It is useful to restate the central stylized fagksch motivate the model and consider
alternative explanations of the data. In the D8 observes rural born young adults migrating
to urban areas where they are observed to enjoh tmgber consumption levels at middle age
than their non-migrant rural cousins, without angrease in the variance of outcomes, and one
also observes urban born young adults migratingra areas where they are observed to enjoy
much lower consumption levels at middle age thair thon-migrant urban cousins, without any
decrease in the variance of consumption. Whiledha to urban facts can be explained by

barriers, which only a lucky few are able to oveneo the apparently voluntary urban to rural
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movement encourages the search for alternativeaerapbns. One possible explanation, as put
forward in this paper, is that, on the margin, riiean consumption outcomes of migrants would
not have been different if they had remained inrfggon of their birth, i.e. that the different
migrant groups represent opposite tails of the wamion distribution of their respective native
born populations.

An alternative explanation is that migrants areigegtor losing something that is
unobserved in the DHS data. Perhaps, as sugdaestédllin, Parente & Rogerson (2004) there
is some form of unobserved home production andwapson in rural areas. Perhaps there is
simply the pleasure of fresh air and rural livingghatever they are, the preference for these
unmeasured gains must be inversely related to édacas educated people on average appear
to have a higher proclivity to select the measumaderial gains (for given levels of education) of
urban living. With this premise in place, howewée resulting model is by and large
observationally equivalent to the one set out ab&@ss-country differences in the urban-rural
residence probabilities of highly and poorly ededandividuals identify the degree to which
there are unobserved benefits to rural living teaterally are more favoured by the less
educated, and these explain the urban-rural gapessured living standards. It is noteworthy,
however, that this alternative framework is in $péit of the one set out above: the urban-rural
gap is not in and of itself a distortion, it simpéflects efficient sorting conditional on
unobserved characteristics of urban-rural life.

Efficient sorting does not necessarily imply, hoegvhat the conditions that induce the
sorting are themselves efficient. Thus, a considas referee has pointed out that the higher
incomes of the better educated might come fromewnpetitive government jobs, i.e. that

“skill” itself might be nothing other than a watcbwd for entrance into non-competitive
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protected professions which employ more peoplelam areas than in rural areas. In principle,
this is true. Similarly, the unobserved charasters that make urban or rural living more or less
pleasant might stem from market failures, e.gféllare to properly penalize pollution
externalities in congested urban living. Suchus@ons easily become ideological, as each new
fact can be explained away, depending upon onedipities, as the manifestation of
(unconsidered) distortions or the efficient comipetiallocation subject to (unconsidered)
factors, preferences and technology. Every indi@idhas a different threshold. In the case of
this author, having for decades believed the pgradhat urban-rural differences in developing
countries represent a gigantic, unexploited, aabaropportunity, the DHS evidence of the large
scale voluntary movement of urban born individualplaces where they seemingly consume
dramatically less suggests the need to reevaluat®pceived notions and seriously consider the

plausibility of alternative, efficiency based, expations.

V1. Conclusion

There is an inherent risk in appealing to unobd#esas an explanatory factor, as the
argument easily becomes dogmatic and non-falsdialbhere are circumstances, however, in
which the implications of unobservables are sotgrea feels compelled to give them
consideration. In this paper | show that the urhaal gap accounts for the lion’s share of the
level and cross-country variation in within counitmgquality. If this gap reflects wedges, a gap
between the value marginal product of otherwisatidal people living in urban and rural areas,
one must conclude that this urban-rural distorisoresponsible for generating much of the
inequality within countries. Caselli (2005) andsRecia, Yang and Zhu (2008) have argued that
the physical productivity differences between agtiaal and non-agricultural industry are larger

in poorer economies and, within the context of modkevelopment accounting, that their
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removal would greatly reduce income inequality kew countries. If the urban-rural gap
reflects the sorting of labour based upon unobskskél, none of these arguments carry through.
In the model presented in this paper the urban-gaja reflects the efficient allocation of
labour in response to the regional demand for.skilhere it is larger, it simply reflects a greater
difference in the skill intensity of urban and duredustry. Perhaps at higher capital-labour
ratios, which are associated with higher level&DBIP per capita, the difference in the relative
skill intensity of agricultural and non-agricultliradustry falls. Perhaps some countries simply
have endowments that lead to patterns of comparativantage with greater urban-rural skill
differences. In either case, there is no way irctvione can think of the urban-rural gap itself as
a proximate cause of inequality or poverty. Theneo urban-rural distortion to be removed to
generate equity and wealth, no gigantic marketifaito be identified as the bane of poor
countries. There is simply the overall endowment distribution of resources and technology

which, needless to say, can always be benefidralbyoved.

Alwyn Young

London School of Economics
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Appendix A: Demographic and Health Survey Data

Table Al below lists the 170 DHS surveys usedhengaper, 167 of which have data on
at least four measures of durable goods or housingumption and are used to estimate
consumption inequality. The remaining 3 have datavages or migration and are added to the
sample for those topics. 27 surveys have datadimidual wage income and 146 have data on
at least one of the two measures of migration.

The DHS survey codes corresponding to the liviagdard variables listed in Table |
above are ("hv" variables come from the househtgddll others from the women's file):

Radio (hv207), television (hv208), refrigerator 209), bicycle (hv210), motorcycle (hv211),
car (hv212), telephone (hv221), electricity (hv2@ép drinking water (hv201), flush toilet
(hv205), constructed floor (hv213), diarrhea (hI&yer (h22), cough (h31), alive (b5),
attending school (hv121 or hv110 if unavailableyyking (v714), gave birth past year (v209),
ever married (v502).

All "don't know" or "missing" responses are dropexn the sample. Some variables are
recoded into broad dichotomous 0/1 categories) ootrect survey anomalies and differences, as
follows:

Constructed floor: hv213 <= 13 (dirt/sand/dung), otherwise (cement/wood/tiles/etc) = 1.
Flush toilet: hv205 < 21 (including septic tanks) ,otherwise (pit/latrine/bush/etc) = 0. Tap
drinking water: hv201 < 21 (tapped or piped) =theowise (well/stream/lake/etc) = 0.
Diarrhea, fever and cough in past 2 weeks: yewenssl or 2 coded as 1 (extra detail on past
24 hours not universal across surveys and not usedjoded as 0. Gave birth past year: one
or more births coded as 1, none coded as 0. Mat#tus: currently and formerly coded as 1,
never coded as 0.

Conditioning/demographic variables are construetebllows:

Ln number of household members (number of hvidxskbold records); young children's sex
(b4) and age in months (v008-b3); youth's sex (AyHdd age (hv105); married women's age
(v012, or hv105 for the marital status equations).

Because of changes in the coverage of DHS survestigmnaires over time, samples are
restricted to generate consistent samples, assilo

Children’s health variables: children aged 35 mewothless (i.e. born within 35 months of the
survey). Women'’s fertility and work variables: r@ntly married women only.

Migration measures are based on v103, (childhdackpof residence), v104 (years spent
in place of residence), & v105 (type of place af\pous residence), and the corresponding “mv”
data from the men’s files. For both v103 and vIL6&de “abroad” as missing, recode various
city and township locales as urban and countryagdeural, and compare with hv025 (current
urban/rural location of the household) to deterntireemigrant status of individuals. V104 pairs
with v105 and is used to separate out urban tonuimen urban permanent residents (and same
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for rural) based upon whether individuals clainin&we always lived in the locale, as well
determine the number of years since an individugtated (as reported in Table II).

There are numerous coding errors in both the copsan and migration measures,
which | have identified and eliminated by workimgdugh the survey questionnaires. For
example, in Uganda 00 individuals were asked wtieg lived 5 years ago, and this is recoded
as childhood residence in the recode files. d$® not uncommon for surveys to use different
codes for responses, e.g. 3 for countryside amd didroad or 4 for countryside and 5 for abroad,
which the DHS programmers fail to spot and recaaket upon a standardized framework. |
have also recoded dates to the Gregorian caleadasgue for Ethiopia and Nepal), eliminated
duplicate household observations and correctedsistencies and errors in rural/urban location
within clusters.

For the wage regressions reported in Sectionsrdstrict myself to female and male
individuals aged 25 to 65 reporting that they wiarnkothers (v719 or mv719 = 2, "m" denotes
the male questionnaire). Annual earnings are cocted from v736/mv736 data, with the
earnings of individuals reporting annual, monthiyg aveekly wages multiplied by 1, 12 and 50,
respectively (individuals reporting an hourly oilgavage, numbering about 1/5 of those
working for others and reporting wage data, ar@ped from the sample). As | have
painstakingly recoded all the educational dataterhousehold files, but have not done the same
for the male and female questionnaires, | get iddiai age and educational characteristics by
merging the individual files (which contain the mags data) with the household files using the
individual id numbers, eliminating cases whereghisra discrepancy between sources of more
than 2 years in the reported age (roughly 7 peraecdses that meet the other wage sample
eligibility criteria).

Employment, schooling and marital status poseigppmblems. On women's
employment, variation in the question form has draereffects on average responses. The
standard questionnaire first asks women if, aparhfhousework, they are currently working and
then follows up with a question that explains thamen may work in a variety of ways (for cash
or in kind, selling things, in their businesses fams or in the family business) and asks the
respondent if she is currently doing any of theBke combination of these two questions forms
the basis for DHS code v714. An occasional thirdsgion, on whether the woman has done any
work in the past 12 months, then produces v731e pgroblem is that many DHS surveys vary
this pattern, omitting the first or second of the fpart v714 question, omitting the preliminary
v714 questions in their entirety (but including tie81 question), and even modifying the
questions to focus on working for cash only. Tegkéhe data as consistent as possible, | restrict
my employment measure to v714 in those surveys tétstandard two-part questith.

On schooling, some questionnaires ask whethandabeehold member attended school in
the past year (hv121) and others whether the holg@ember is currently in school or still in
school (hv110). The form of this question doesse&m to be important, as the differences
within surveys where the two questions overlap lagtsveen surveys when the questions change

$"There is some slight variation in the wording & tjuestion, with the phrase “last week” introduired
some early and most recent surveys, which | alloarder to avoid losing too many observations.
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are small. Consequently, | take hvl121 when ivalable, and use hv110 as a reasonable
substitute when it is not. The main problems #iae in the educational data are that (1) in
some surveys individuals who, when questioned aic&ibnal attainment, say they have never
been to school are automatically coded as not tlyrattending school, whereas in other
surveys they are not; (2) the educational atterelgnestion is generally restricted to individuals
6 to 24, but in some surveys the age range isdurtgstricted, while those who were not asked
the question are automatically coded as not attgndi solve these problems by coding all
individuals whose educational attainment is listechaving never attended school as not
currently attending and, in cases where problenaliggs for 6 year olds only, coding all 6 year
olds as missing. For the Indian surveys, probi2hafises for individuals older than 14, 17 or 18
(depending on the survey), eliminating most of16e24 age group. Consequently, | eliminate
India from the sample for this variable. In thee®af the few surveys with missing data for 6
year olds, | deem that the age controls and thetenge of data for the remainder of youths aged
6-14 allow me to keep them in the sample.

On marital status (never vs currently/formerlfjstis reported in some surveys in the
household module, and always in the women's questmdule. The latter, however, is
sometimes restricted to ever-married women. | ak®man's marital status from the household
module when it is available there, and from the woi®imodule when not. Where the women's
module is restricted to ever-married women, | goklta the household module and identify the
additional eligibility criterion for the women's mole (usually "slept last night") and code all
women in the household file meeting the additieiaibility criterion who are also listed as "not
eligible” for the women's questionnaire as "nevarmad", merging these records with the
marriage data from the women's question modulee riarrital status of women who do not meet
the additional eligibility criterion is uncertaithéy are excluded from the female survey even if
they are married), so they are dropped from thetahatatus sample.

Finally, | turn to educational attainment. The ®Huestionnaires ask respondents for
their educational attainment, measured as grad éhieved, not the number of years attended.
The DHS "recode" takes this raw data, convertst@ & broad categorical variable (hv106 =
none, primary, secondary, tertiary), a measuresafyat that level (hv107), and total years of
attainment (hv108). Unfortunately, the procedw®sd by programmers to generate these
conversions over the years have varied, with, Xangle, the number of years of education
falling in each hv106 category varying even withountries. Most fundamentally, there are
extraordinary errors and inconsistencies in reaggthe final years of attainment (hv108), with, to
cite some examples, those responding "don't knawtde of 8 in many surveys, credited 8 years
of education; reaching tertiary education (not ¢mgnyears there) being credited anything from
10 to 19 years base (sometimes, within the sametigguupper secondary systems that require
10 formal levels to reach being coded as 6 ye&rs; Working with the DHS questionnaires,
original "raw" non-recode data generously providgdhe DHS programmers, and summaries of
educational systems and their history found on wwebsosted by UNESCO, jstor,
education.stateuniversity.com, and the educationstnies of different countries, | have recoded
all the educational attainment data to represeatsyef formal attainment within each country's
educational ladder, taking the level of enteringe@r olds as the starting point. In cases where
systems change over time (e.g. an old system pyitaated 6 years and a new system primary
lasts 8 years, so "completed primary" has diffens@anings), | use the timing of institutional
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reform, an individual's birth cohort, and sampl®imation on the distribution of years of
attainment by age group (e.g. those with uncomglptamary up to a certain birth cohort
indicate no more than 6 years) to impute an apatgpestimate of years of completed education
to different birth cohorts.

Appendix B: Regressionsand Correlationsfor Estimated Variables

Section V regresses estimated variables on ehehn. oindependent measurement error in
the dependent and independent variables leadetauation bias, while correlated measurement
error produces spurious relations. In this sadtiexplain how | address this problem.

Let the vector of M random variabl¥de distributed normally with meanand
covariance matrif2. Each element m qf is a separate function of k conditioning variabtgs
um = XuBum. X, may be merely a constant or a variety of indepenhdariables, but in all cases
each element qf is a function of the same conditioning variabldsoh are observed without
error. Individual observations on the vecdare acquired with mean zero error:

(B1) >2i =X +&, E(g)=0, E(g¢')= ﬁi'
The covariance matrix of the estimation errcﬁzg)(may be given by the estimation procedure or
by a bootstrap simulation. Given this model, easttor of obs,ervationfxii follows a normal
distribution with meam and covariance matrig +f2i. | estimate the parametd}s, and the
elementss; of Q by maximizing the likelihood of the overall samjpled compute their
covariance matrix using the usual inverse of thpigoal negative Hessian.

Let X; be the first element of and letX; identify the remaining variables, with;, Qoo,
andQ;, denoting their variance and covariance matriddse M-1 coefficients in the regression
of X3 onX, (with X, as additional controls) are given py= Q,,'Q,; and the partial Ris given
by B12QxoB1/c11. The implicit k coefficients on Xin the same regression are recoverefl by
Bu1 —Pu2P2, where (recallB,: andp,» are the k x 1 and k x (M-1) coefficients op iXsed to
determine the M vector of meansn the likelihood. The covariance matrix (starttarrors) of
these coefficients are estimated by applying th&deethod using the covariance matrix of the
estimate$m, andgj;.

The procedure described above is simply part@ession with an adjustment, after the
influence of the variables,Xs partialed out, for the estimation error in thenaining variables.

As such, when the error covariance matriGeare matrices of Os (i.e. there is no estimation
error), it produces the usual OLS regression cadiefits and partial ®. Although degrees of
freedom adjustments are not justified by asympto@gximum likelihood theory, they are often
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implemented in practi¢®and | include such an adjustment here as welk dégrees of freedom
adjustment ensures that when thgare matrices of Os the estimated standard errarsest
statistics equal their usual OLS counterparts.

I confirm the accuracy of the procedure by simatait using the data used in Table VIII.
Since | will simulate tests under the assumptiat the null hypothesis is true, | begin by
estimating the coefficients in the regression ef@b country mean values on a constant term and
deviations of the urban residence probabilities®and 0 years of education from the mean
urban residence probability subject to the constsai = 0 andBis = Bo.>° Using the resulting
constrained estimates pfandQ, and the given observation by observation est'nmaets'rrorf)i o |
then produce 10,000 random replications of the dathestimate thenconstraineanodel (as
was done in Table VIIIf° Table B1 reports the results. As shown, the nestimated value of
the coefficients is virtually identical to the umiyéng values, while the mean estimated standard
error of the same is very close to the actual tiana With regards to the F test of the null
hypothesis, the nominal size of the test and tha@ahcejection probability are virtually identical
at all levels. In sum, in a small sample of 65esfations the procedure appears to produce
unbiased coefficients and standard errors and égsicstatistics.
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TABLE |

DHS REAL CONSUMPTION MEASURES BY CATEGORY
(167 surveys across 2.1 million households in Ght@es)

N Mean N Mean
Ownership of Durables (household) Household Tinteamily Economics (individual)
Radio 2062257 .583  Attending School (age 6-14) 2405172 .736
Television 2082338 .448  Attending School (age 15-24) 1617008 .366
Refrigerator 1978069 .289  Working (women age 15-24) 301269 .401
Bicycle 1958128 .291  Working (women age 25-49) 978038 .547
Motorcycle 1899527 .117  Gave Birth Past Year (age 15-24) 348919 .311
Car 1964232 .077  Gave Birth Past Year (age 25-49) 1139948 .139
Telephone (landline) 1633104 .181  Ever Married (women age 15-24) 964597 .415
Ever Married (women age 25-49) 1464709 .924
Housing Conditions (household) Children’s Healtid{vidual)

Electricity 2039093 .561  Diarrhea 726884 .196
Tap Drinking Water 2058331 .458  Fever 715084 .308
Flush Toilet 1934458 .363  Cough 725314  .330
Constructed Floor 1905055 .636  Alive 801877 .935

Notes: All variables coded as 0/1. Ownersifipurables: at least one such item in the houselousing
Conditions: constructed floor means made of otien dirt, sand or dung. Household Time: indigidvariables,
i.e. coded separately for each individual of thge B the household; recent fertility and marketipigation refer to
currently married women only. Children's Healtidividually coded for each child born within 35 ntles of the
survey; diarrhea, cough and fever referring todbeurrence of these for the individual in questibalive) in the
preceding two weeks. N = number of householdsdividuals.
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TABLE Il
AVERAGE CHARACTERISTICS OF MIGRANTS AND NATIVE RESIENTS (INDIVIDUALS )

Based on current locale & Based on when moved to current locale
locale when <12 yrs & locale before move

Women aged 25 to 49

Pop Shares  Educ Age Pop Shares Educ Age Date
Dest Orig (yrs) (yrs) Dest Orig (yrs) (yrs) (yrs)

(1) Lifelong Rural .859 775 3.1 352 492 474 83. 353 NA
(2) Rural to Rural Migrant 376  .359 3.8 3B5. 126
(3) Urban to Rural Migrant 141 .230 4.9 34.4 321 .202 5.5 34.7 10.2
(4) Lifelong Urban 657 770 7.2 343 398 418 17. 346 NA
(5) Urban to Urban Migrant 363 .3807.8 351 10.7
(6) Rural to Urban Migrant 343 .225 4.8 35.3 392 .167 5.4 354 123
# individuals 389591 623453
# surveys in # countries 62in 34 81in 39

Men aged 25 to 49

Pop Shares Educ Age Pop Shares Educ Age Date
Dest Orig (yrs) (yrs) Dest Orig (yrs) (yrs) (yrs)

(1) Lifelong Rural 839 779 41 356 599 613 74. 355 NA
(2) Rural to Rural Migrant 228  .236 49 486. 11.6
(3) Urban to Rural Migrant 61 277 6.1 35.3 731 .263 6.7 35.7 9.6
(4) Lifelong Urban 622 723 86 345 379 .368 38. 344 NA
(5) Urban to Urban Migrant 400  .369 9.3 735.104
(6) Rural to Urban Migrant .378 .221 6.8 36.1 212 .151 6.9 36.1 125
# individuals 44911 118832
# surveys in # countries 33in 25 47 in 30

Notes: Since the number of individual obseoraidiffers greatly across surveys, as do the nuoft®irveys
per country, | take the country as the unit of obston. Thus, | calculate the measure for eachesy average the
surveys for each country, and then calculate tleeage across the countries, reporting the finallrésthe table.

Pop Shares — share of destination or origin pojjumiaDate = number of years since arrival. NA +aoplicable
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TABLE I
LOGIT OF INDIVIDUAL MIGRANT STATUS ON MEAN MIGRANT STATUS OF CLUSTER NEIGHBOURS

Women aged 25-49 Men aged 25-49
Urban Rural Urban Rural
MigMean 3.24 (.029) 4.37 (.034) 1.73 (.072) 2.309)
N 190611 212301 17795 28314
Predicted average probability
actua 287 .14¢ .39¢ 1€
MigMean = 0 122 .061 244 .07€
1 74 .818 .626 429

Notes: Migrant status coded as 1/0 (yes/no@dapon childhood vs current place of residenceggMéan =
average migrant status of survey cluster membettseo$ame sex and age group outside of the indiV&u
household. N = number of individuals. All logitelude survey dummies. Standard errors are astjusr
clustering. Sample surveys are the same as tlseskin Table Il, excluding countries with interdéplacements
and surveys with inconsistent urban/rural vs aityft/countryside coding, as discussed in the teavab
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TABLE IV
COMPONENT ESTIMATES

oy(u) or(U) ou(E) or(E) Du-Dr Eu-Er

Cross-Survey Distribution (167 Surveys)

mean coef. estimate 5.47 5.73 4.09 3.10 9.04 3.13
st. dev. of coef. est. 1.16 1.46 .669 .795 4.23 .871
mean s.e. of coef. est. .303 .334 .054 .033 .870 .092

Cross-Country Distribution (65 Countries)

mean coef. estimate 5.57 5.76 3.98 2.96 9.38 3.00
st. dev. of coef. est. 1.21 1.59 713 .748 4.33 911
mean s.e. of coef. est. .339 372 .055 .033 .957 .092

Notes: o;(u) = within region standard deviation of residusdt of education, In consumptiafn(E) = within
region standard deviation of educational attainmnegiDg = difference between urban and rural consumptin n
of (at zero) educational attainment;-Er = difference between urban and rural mean edutatattainment. All
coefficients represent years of equivalent edunats described in the previous section, estimasedy all
available durables, housing, health and family eatins products whose average regional consumpeicei lies
between .01 and .99. Top panel, calculated affi@fLl67 survey estimates; bottom panel, calculatiedf the 65
country means of the survey estimates.
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TABLE V
WITHIN COUNTRY STANDARD DEVIATION OF LN CONSUMPTION
IN YEARS OF EQUIVALENT EDUCATION IN65 COUNTRIES

Mean Standard Deviation
Across Countries  Across Countries
Actual estimate 8.85 2.22
educational inequality 7.25 2.15
residual inequality 3.66 0.70
= urban rural differences 6.69 1.38
ﬁ educ. differences 8.06 2.04
< residual differences 6.84 1.38
within region residual differences 6.67 1.96
within region educational differences 8.13 2.30

Note: calculated off of 65 observations of meanntoy values (i.e. the country means across the
167 survey observations).
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TABLE VI
CORRELATIONS WITH URBANIZATION AND GDP
(regressions of 65 country mean values of In depetdariable in each column)

Gu(u) GR(U) Du'DR Gu(E) GR(E) Eu'ER Ou OR UR gap (¢

s, 0.327* 0.279 -0.089 -0.153 0.263 -0.310 0.170 0.252 -0.067 0.391*
DHS  (156) (.196) (.382) (.143) (.206) (.292) (.120) (.179) (.308) (.172)

s, 0.282 0.316 -0.153 -0.108 0.311 -0.291 0.152 0.293 -0.126 0.360*
W8 (1155) (.192) (.375) (.141) (.201) (.287) (.119) (.175) (.302) (.170)

Iny 0.038 0.068 -0.028 -0.034 0.099* -0.045 0.016 0.073 -0.027 0.056
PMT(.038) (.045) (.087) (.033) (.047) (.069) (.029) (.041) (.070) (.040)

0.029 0.067 -0.030 -0.026 0.083* -0.032 0.010 0.069* -0.026 0.053
(030) (.036) (071) (.027) (.037) (.055) (.023) (.033) (.057) (.033)

InY un

Notes: Each cell is a separate regression eb@try means on the dependent variable listeth@teft-hand side
plus a sub-Saharan dummy, Surban population share; InY = In gdp per captdyscripts refer to sources. DHS =
DHS household share; WB = World Bank databank ugdzgrulation share; PWT = 7.0 (rgdpl); UN = constdst
dollars in UN national accounts database; dependgigbles as defined in text above; * = significanthe 5% level.
PWT regressions exclude Zimbabwe. Between PWBRGBI3PWT 7.0 the year 2005 In GDP per capita of Ziouie
relative to the In mean of the entire 65 countmpgke falls by -2.3, i.e. relative gdp falls to .flitg original value. This
no doubt reflects the difficulties involved in madsg expenditure and prices during a hyperinflatias PWT 7.0 uses
2005 as its benchmark year.
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TABLE VI
CONSUMPTION CHARACTERISTICS OF MIGRANTS AND NATIVE RSIDENTS(HOUSEHOLDY
(residual, net of education, consumption in yreqdivalent education)

Based on current locale and  Based on when moved to current
locale when <12 yrs locale & locale before move

Relative In C SDof InC Relative In C SD of dn

Household status determined by migrant status ofievoaged 25 to 49

(1) Lifelong Rural NA 4.8 (.283) NA 4.8 (.330)
(2) Rural to Rural Migrant 0.2 (.429) 4.9 (.376)
(3) Urban to Rural Migrant 2.4 (.550) 4.9 (.461) 2.4 (.568) 5.0 (.464)
(4) Lifelong Urban 8.8 (.743) 4.6 (.272) 7.8(.759)  4.8(.338)
(5) Urban to Urban Migrant 8.8 (.753) 4.7 (.315)
(6) Rural to Urban Migrant 7.5 (.722) 4.8 (.316) 21735) 4.8 (.345)
# households 351458 593207
# surveys in # countries 60 in 33 79in 38

Household status determined by migrant status of aged 25 to 49

(1) Lifelong Rural NA 5.2 (.486) NA 5.3 (.570)
(2) Rural to Rural Migrant 0.7 (.897) 5.7 (.683)
(3) Urban to Rural Migrant 2.1 (1.00) 5.2 (.818) 4 2933) 5.5 (.768)
(4) Lifelong Urban 10.0 (1.21) 5.0 (.560) 9.1 (1.25 5.4 (.660)
(5) Urban to Urban Migrant 10.0 (1.28) 5.1 (.p48
(6) Rural to Urban Migrant 8.7 (1.14) 5.2 (.583) .6 §1.20) 5.1 (.633)
# households 45422 123274
# surveys in # countries 33in 25 47 in 30

Notes: In the notation of Section Ill: RelatineC = D3 - Dypase Where i is the group in question and base are
lifelong rural households; SD of In Coqu). NA = not applicable, lifelong rural are thase category for mean
consumption. The numbers reported are the meantrgoralues and standard errors (i.e. mean of thltry
standard errors, not standard error of the counagns).
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TABLE VI
REGRESSION OF URBANRURAL RESIDUAL CONSUMPTION GAPS ON
RESIDENCE PROBABILITIES AND MEAN EDUCATIONAL ATTAINMENT (65 COUNTRY VALUES)

Unadjusted Adjusted for Error Covariance
(1) 2) 3) 4) 5) (6)
M Mo AL, N M, O N O N3, 0y Mg, NG

o: constant -.696 (2.90) 2.03 (2.06) -.654 (3.01)21.(2.97) 2.63(2.04) .214(3.12)
pu g -N 16.2 (5.12) 19.4(5.35) 20.7 (6.17) 14.5(5.19) .318.31) 18.4 (6.38)
B My -1 -12.1 (4.28) -16.0 (4.88) -10.1(3.86) -11.0(3.1814.3 (4.80) -8.91(3.79)
Bs e =T 132 (.180) .144 (.184) .069 (.183) .122(.172) 33.L176) .066 (.175)

R? 173 182 159 151 165 135
Ho oo =/1=0& 806 317 .028 792 217 .020
f1=-p2 (p-value)

o: constant -1.31 (3.43) -1.69(3.51) 5.45 (5.86¥46.(5.44) -.397 (2.80) 10.2 (8.27)
Ny -1 14.7 (5.01) 14.7 (4.98) 14.8(4.92) 15.2(4.95) .414.91) 16.2(8.82)
Bo: MY =11 -13.9 (5.43) -14.4(5.48) -9.95(4.65) -12.3(3.8611.4 (4.26) -10.5(11.1)
B3 SU pHs 2.23 (3.96) -5.25 (17.2)

Suws 2.81 (3.96) 4.20 (9.27)
INY pwr -.667 (.606) -4.34 (1.77)
nY un .069 (.608) 3.33 (1.60)
Africa 1.39 (.998) .016 (1.42)
He —H .380 (.572)
Hoa=fs=08& 859 814 647 929 500 210

f1=-p2 (p-value)

Notes: MY = estimated urban residence probability of housthaiith educational attainment Els, Mg =
urban residence probability of the skilled and ulfesk proxied in the top panel by those with thieieational
attainment listed in the column headings.= estimated mean household educational attainmi@nand & =
average urbanization rate and mean household édn@battainment of the sampley 8nd In Y = urban
population share and In gdp per capita, subsarghés to sources (DHS = DHS urban household sWaBe=

World Bank databank urban population share, PWT0H{rgdpl), UN = constant US dollars in UN national
accounts database). Africa = dummy for sub-Sahafaca. Adjustment for error covariance = see Apgix B.
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TABLE Al
DHS AND ASSOCIATED SURVEYS USED IN THE PAPER

Benin 96*, 01, 06 Rwanda 92, 00, 05 Bolivia 94*,98*, 03, 08
Burkina Faso 92, 98, 03 Sao Tome 08 Brazil 91, 96
Cameroon 91, 98, 04 Senegal 92,05 Colombia 90, 95%, 00, 05, 10
Cen. Af. Rep. 94* Sierra Leone 08 Dom. Rep. 91, 96*, 99, 02, 07
Chad 96* South Africa 98* Guatemala 95*, 98*
Comoros 96* Swaziland 06 Guyana 05, 09
Congo 05, 09 Tanzania 92, 96, 99, 03, 04, 07, 10 Haiti 94, 00, 05
Congo Dem Rep 07 Togo 98* Honduras 05
Cote D'lvoire 94, 98, 05 Uganda 95*, 00, 06 Nicaragua 97*, 01
Ethiopia 00, 05 Zambia 92, 96*, 01, 07 Paraguay 90
Gabon 00 Zimbabwe 94*, 99, 06 Peru 92, 96*, 00, 04
Ghana 93, 98*%, 03, 08
Guinea 99, 05 Bangladesh 93, 96, 99, 04, 07 Albania 08
Kenya 93, 98, 03,08 Cambodia 00, 05, 10 Armenia 00, 05
Lesotho 04, 09 India 92, 98, 05 Azerbaijan 06
Liberia 07 Indonesia 91, 94, 97, 02, 07 Egypt 92, 95*, 00, 03, 05, 08
Madagascar 92, 97*, 03,08 Maldives 09 Jordan 97*, 02, 07, 09
Malawi 92, 00, 04, 10 Nepal 96*, 01, 06 Kazakhstan 95, 99
Mali 95* 01, 06 Pakistan 90, 06 Kyrgyz Rep. 97
Mozambique 97*, 03, 09 Philippines 93, 98*, 03, 08 Moldova 05
Namibia 92,00,06  Timor Leste 09 Morocco 92, 03
Niger 92, 98, 06 Vietnam 97, 02 Turkey 93, 98*, 03
Nigeria 90, 99%, 03, 08 Ukraine 07
Uzbekistan 96

Notes: Years denote date when survey begda;abllection often continues into the followinggy. 9x numbers
are 199x, Ox numbers are 200x, 10 is 2010. (*v&ys with wage income data. Chad 96, Nigeria 9DReraguay
90 do not have the necessary product data forstirmation of inequality, but have data on wagemigration.
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TABLE B1
10,000SIMULATED REPLICATIONS OF THE ESTIMATION PROCEDURE
(regression of 65 country mean consumption gapsstimated residence probabilities)
Standard errors

Coefficients
underlying value  mean estimated valueactual variation mean estimated value
constant 0 -.009 2.90 2.89
Ny,—n 13.45 13.45 5.01 4.99
ny -n -13.45 -13.47 4.23 4.19
Sizeof H: a=0&p,=-5
Nominal .010 .050 .100 .250 .500 .750 .900 950 0.99
Actual .009 .049 .102 .254 .502 751 .900 .949 991
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