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Abstract

This paper investigates the temporal and spatial evolution of welfare within six developing
countries — Malawi, South Africa, Bangladesh, Cambodia, Mexico, and Peru — by applying
the Jones and Klenow (2016) expected lifetime utility framework to a consistently defined
urban–rural gradient. Using microdata from household surveys and censuses, we construct
a welfare metric across three spatial dimensions: subnational administrative units (such as
regions or provinces), areas classified by varying degrees of urbanization — including those
that have recently urbanized — and towns/cities and their hinterlands. Our results reveal
pronounced within-country disparities: in most cases, welfare levels in the poorest regions
and rural areas are less than half those of the most prosperous regions and large urban
agglomerations. Decomposition analyses show that differences in consumption and life
expectancy are the primary drivers of these gaps, partially mitigated by lower inequality in
rural and smaller urban areas. Despite substantial initial disparities, we document strong
convergence patterns. Regions, urban areas, and hinterlands with lower initial welfare
experience faster subsequent growth, driven in part by narrowing gaps in life expectancy.
However, convergence remains uneven across countries and across urban typologies, with
rural and newly urban settlements in some contexts continuing to fall behind.
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1 Introduction

In many poorer countries, where poverty is starkly visible, traveling from the capital
city to remote villages can feel like stepping back in time — from the modern era
to centuries past. The differences in per capita consumption – which is the most
widely used indicator of poverty and well-being – are large between urban and rural
areas. In Sub-Saharan Africa, for example, the incidence of poverty in rural areas
is more than twice that in urban areas (World Bank, 2024a). However, income and
consumption per capita provide only an incomplete measure of living standards (Stiglitz
et al., 2009; Jorgenson, 2018; Stiglitz et al., 2018). Factors such as leisure, life expectancy,
inequality, and other aspects of quality of life are not fully captured by these monetary
indicators, yet they can substantially shape welfare within a country. Although existing
literature documents cross-country differences in welfare and a smaller set of studies
examines subnational variation using broader measures of well-being, evidence on
welfare differences along the urban–rural gradient in developing countries remains
limited. This paper addresses this gap by applying a theoretically grounded expected
lifetime utility framework developed by Jones and Klenow (2016) (henceforth JK 2016)
to estimate welfare differences across urban and rural areas in six countries: Malawi,
South Africa, Bangladesh, Cambodia, Mexico, and Peru.

To illustrate the basic insight behind our welfare measure, suppose we want to
compare living standards between Uitkomsdal and Somerset West in South Africa.
The estimated welfare measure for Uitkomsdal would indicate the proportion of
consumption in Somerset West, given its values for life expectancy, leisure and
inequality in both consumption and leisure, that would deliver the same expected utility
as the values in Uitkomsdal. A value of less than one for Uitkomsdal would mean that
the average person there is less well-off than in Somerset West.

We examine the geographical and temporal evolution of consumption-equivalent
welfare across above mentioned six countries with varying levels of economic devel-
opment. To benchmark our analysis against available evidence on regional disparities
within a country, we start by exploring welfare variations at the level of administrative
regions or provinces. Our analysis then digs deeper into welfare differences across
urban-rural gradients at three levels: rural and urban areas, newly (i.e., urbanized
within the last 10 years) and established urban areas, and urban areas of different
sizes and their hinterlands. We utilize a definition of urbanization based on globally
consistent satellite data from the Global Human Settlement Layer (GHSL) and its
Settlement Model (SMOD) component (Schiavina et al., 2023b). While for most countries,
the urban classification supplied by National Statistics Offices (NSOs) correlates strongly

2



with the globally consistent definition, we find significant differences between the two
for Malawi, South Africa, Cambodia, and Bangladesh. Statistics agencies in these
countries have either not kept up with rapid urbanization or have changed their
classifications over time due to administrative rather than functional reasons. Finally,
utilizing the same settlement data for finer classification, we also compute welfare
measures for about 300 urban areas (UAs) and their hinterlands; for more than 250
UAs, we were able to construct time-varying welfare measures. Several key findings
emerge from our analysis across different levels of subnational analysis.

First, we find considerable heterogeneity in welfare across regions within a country.
The difference between the richest and poorest regions is large. Welfare in the poorest
region is less than half of that in wealthiest region in three out of six countries,
with South Africa in 1993 displaying the highest welfare inequality.1 Differences in
(demographically-adjusted) consumption are the main component explaining welfare
disparities across regions. The correlation between our welfare measure and output
(GDP) per capita varies across countries ranging from as high as 0.86 in South Africa
in 2023 to as low as 0.4 in Peru in 2007.2 We find that output per capita tends to
underestimate (overestimate) welfare in poorer (wealthier) regions, where inequality is
lower (higher).

Second, welfare levels in rural areas are universally lower than in urban areas in all
six countries – the urban-rural gaps are as large as regional gaps in many countries.
Rural welfare as a percent of urban welfare ranges from 93 percent (i.e., Bangladesh in
2005) to 43 percent (i.e., Peru in 2007). Within urban areas, established areas fare much
better than newly urbanized areas in most countries. We find an increasing welfare
gradient with respect to sizes of urban areas: welfare in larger cities is higher than
smaller ones. The decomposition analysis suggests that differences in consumption
and life expectancy widen the welfare gaps between urban and rural areas. Lower
inequalities in consumption and leisure in smaller urban areas and rural areas, on the
other hand, narrow these gaps. Yet, in most cases, the first two factors predominate,
resulting in higher welfare differences than consumption differences. For instance, the
welfare difference between Uitkomsdal and Somerset West in 1993 was even greater
than the difference due to consumption, primarily due to the additional gap in life
expectancy.

Third, a strong pattern of within-country convergence of welfare over time is
detected at the regional and urban areas levels. At the regional level, the distribution of

139 percent in South Africa (in 1993), 46 percent in Cambodia (2009) and 49 percent in Peru (2007).
These gaps are smaller in the two poorest countries in our sample (Bangladesh and Malawi).

2Regional GDP data are available for Mexico, Peru and South Africa only.
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welfare has become more compact over time. The convergence across regions stands
in contrast to the stalling regional convergence in per capita output (GDP) in the
most recent decade reported in Chatterjee et al. (2025).3 Yet, the differences between
the wealthiest and most lagging regions in some cases remain substantial: welfare in
the poorest region (Tonle Sap) is only half of the wealthiest region (Phnom Penh) in
Cambodia in 2019. Apart from consumption, a major source of regional convergence is
the narrowing of regional gaps in life expectancy.

For rural-urban and recently urbanized vs. established urban areas, the pattern of
convergence or divergence varies by country. While the relative welfare of rural areas
and newly urbanized areas have marginally improved in some countries over time —
mainly due to a narrowing gap in life expectancy — others in Cambodia (rural) and
Malawi (recently urbanized) have experienced a relative decline.

At the UA level, welfare grew in all countries except Bangladesh. UAs with lower
initial welfare experienced the highest subsequent growth rates suggesting a strong
pattern of convergence: a one-log-point higher initial welfare position is associated
with 4-5-percentage-point lower growth in welfare over our sample period. Further,
this qualitative pattern of convergence holds for every sub-component of welfare.
Consumption growth is the dominant margin driving welfare gains in most countries,
while larger urban areas grow modestly faster, consistent with mild agglomeration
effects. Cross-country heterogeneity is substantial: Malawi and Peru exhibit the
strongest welfare gains, South Africa and Cambodia more modest improvements, and
Bangladesh remains the clear outlier, with negative average welfare growth driven
primarily by a sharp decline in demographically adjusted consumption, only partly
offset by improvements in inequality and life expectancy. While UAs tend to exhibit
higher levels of welfare than their hinterlands, this gap has been closing over time
as well. Overall, the evidence suggests that convergence is broad-based across
welfare dimensions, but differences across countries are shaped chiefly by variation
in consumption growth and, to a lesser extent, mortality improvement. Nonetheless, for
some countries (e.g., Malawi and Cambodia), the city–periphery welfare gap remains
substantial.

One potential concern with our analysis is that the large within-country welfare gaps
that we find could be due to not accounting for some aspect of quality of life. One such
important missing aspect is the value of place-based amenities. However, for amenity
differences to compensate for our measured welfare gaps would imply much worse

3Their sample of countries is tilted to high and upper middle income countries in North and South
America, and Europe. There are only three African and nine Asian countries in their sample of 39 countries.
Estimation sample periods are also different from our study.
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values for amenities in large urban areas than their hinterlands. The available evidence

is not supportive of this view. Though the gaps are narrowing over time, residents of

large urban areas typically enjoy superior access to education, healthcare, clean water,

and electricity, and other physical infrastructure (Charron and Wadhwa, 2025). Rural

areas, on the other hand, may outperform urban areas in terms of air quality, natural

beauty and noise levels. Yet, on balance, amenities are better in urban areas as re�ected

in higher housing prices in large UAs than in smaller UAs and rural areas. In terms of

public goods, crime, and pollution, Gollin et al. (2021) �nd that the quality of amenities

is at least as high in cities as in rural areas in 20 Sub-Saharan African countries. Though

amenity differences are not directly accounted for in our welfare measures, they are

unlikely to explain the welfare gaps we �nd across regions and urban gradients.

In our welfare analysis, individuals are observed in their current residences during

the surveys. Welfare differences across areas can and do induce migration – rural to

urban migration is the predominant type of migration in developing countries. Yet,

observed migration rates across regions/areas in developing countries are about half

of those in the United States (World Bank, 2024b). The estimated costs of migration in

developing countries are also more than double those in the US (Bryan and Morten,

2019; Lagakos, 2020; Selod and Shilpi, 2021; World Bank, 2024b). The higher migration

costs in developing countries are due to a lack of infrastructure and information, credit

constraints, language barriers, and migration restrictions (Selod and Shilpi, 2021). And

for a highly mobile country such as the US, Falcettoni and Nygaard (2023) �nd that

incorporating migration in the analysis does not change their overall �ndings on the

welfare differences and convergence patterns across US states. Higher migration costs

can arguably sustain the persistence of the large welfare differences we �nd for six

developing countries.

This paper makes contributions in three areas. Following the publication of JK

(2016), several studies used their methods to examine the cross-country differences in

living standards using mostly macro data (Bannister and Mourmouras, 2017; Gallardo-

Albarrán, 2019). Brouillette et al. (2025) study racial differences in welfare in the US.

This approach has been extended to investigate within-country regional differences in

living standards in two recent studies. Falcettoni and Nygaard (2023) �nd that the

dispersion in welfare levels across US states exceeded the corresponding dispersion in

real per capita GDP with little evidence of welfare convergence over time. Using data

from Nigeria, Okoye and Pandey (2024) �nd that welfare differences across provinces

are four times greater than those suggested by consumption alone due to differences in

life expectancy and inequality. To the best of our knowledge, this paper is the �rst one to

apply the JK (2016) methodology to examine the welfare differences across urbanization
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gradients.

Evidence on the dispersions in welfare and its evolution over time is of great

importance to policymakers in both developed and developing countries. But providing

evidence on these disparities along the urban-rural gradient in developing countries

has been challenging due to data considerations. While GDP data are available at the

regional level in some countries (three out of six countries in our sample), they are

simply unavailable by urban classi�cation. Existing studies on urban-rural disparities

use poverty or wealth indices – measured using per capita consumption expenditure in

former case (e.g., Nakamura et al., 2023) and a set of household level characteristics in

the latter case (Yeh et al., 2020). Our empirical extension of the JK (2016) approach in

this paper provides a broader measure of welfare disparities using the standard utility

accounting framework.

Several measures of poverty – such as Human Development Index (HDI; UNDP,

2013) and Poverty-Adjusted Life-Expectancy (PALE) index (Baland et al., 2021) incor-

porate life expectancy but not inequality of consumption and leisure into welfare

computation. The mash-up indices such as HDI and multi-dimensional deprivation

index (Alkire et al., 2015) incorporate wider indicators of well-being, but these measures

are sensitive to choices and respective weights of those indicators which remain arbitrary

(Ravallion, 2012; Döpke et al., 2017; Decerf, 2024; Okoye and Pandey, 2024).4 In contrast,

the sub-components of welfare in JK (2016) are aggregated using the standard approach

to welfare accounting in economics.

Our analysis shows that this broader approach is replicable in countries where micro

data from household surveys and censuses are available – a point also emphasized by

Okoye and Pandey (2024). As micro data has become widely available across developing

countries in recent years, the methodological approach in JK (2016) provides a consistent

alternative to measuring broader welfare in data-constrained settings. When combined

with recent advances in small areas estimation using machine learning, this approach

can be extended to estimation of welfare at �ner geographical levels (Zheng et al., 2026).

Policymakers often struggle with persistent regional and urban rural gaps. Our

results show not only which areas within a country are falling behind, but also

whether they are catching up to better-off areas. The overall picture is encouraging:

we �nd convergence across regions and along the urban-rural gradient. Our results

also suggest ways to speed up this process. Two major drivers of disparity are per

capita consumption and life expectancy. Lowering barriers to migration by improving

4Recent studies on Europe, however, derived the weights from individual preferences obtained from
attitude surveys (Boarini et al., 2022), but such stated-preference data are not available for most developing
countries.
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infrastructure, access to information, and �nancial services can support moves from

lagging (often rural) areas to leading areas (large UAs) and reduce welfare differences.

By contrast, place-based policies work best when they raise welfare without distorting

migration decisions (Kline and Moretti, 2014). To the extent that health services do

not induce migration arbitrage (Schwartz and Sommers, 2014), our �nding that life

expectancy explains a meaningful share of spatial welfare gaps suggests that locally

provided health care can be a powerful tool for welfare convergence.

The rest of the paper is organized as follows. Section 2 develops the welfare

accounting framework. Section 3 describes the framework's calibration to national and

sub-national data. Section 4 describes the results; we use breakouts to summarize key

facts and remarks thought this section. Section 5 concludes.

2 Theory

In this section, we summarize the main methodology presented by Jones and Klenow

(2016) and incorporate the necessary adjustments to guide our within-country analysis.

Let us assume an individual who obtains �ow utility u from consumption C and leisure

` . She will face a lottery determining her life in a speci�c location, unaware whether she

will be rich or poor, work few or many hours, be healthy or not. Her expected lifetime

utility will be given by

U = E
100

å
a= 1

bau(Ca, `a)S(a)

where b is the usual discount factor. Note that the expectation operator applies to

her uncertainty regarding consumption and leisure. Furthermore, over her lifetime

(i.e., 100 years), she will draw from cross-sectional distributions (across age groups

a) of consumption, leisure, and survival rates. Let S(a) represent the probability of

an individual surviving to age a. We de�ne a consumption-equivalent measure l as

follows:

Ui ( l ) = Ei

100

å
a= 1

bau( l Cai, `ai)Si (a)

Note that l indicates the factor by which we must adjust the individual's consump-

tion to make her indifferent between living her life as a random person in our reference

location r and living in another location i. Thus, it satis�es:

Ur ( l i ) = Ui (1)
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To take the theory to the microdata, several assumptions are needed to implement

the procedures required to compute the desired welfare measure l . Recall that,

for a particular year, the representative individual will draw from cross-sectional

distributions of consumption, leisure, and survival rates. While it seems plausible that

this individual can interpret observed survival rates and leisure for older age groups as

good indications of her levels of survival and leisure years ahead, it is also plausible that

consumption will grow over time along a balanced growth path. Therefore, we assume

that leisure and survival rates remain constant whereas consumption grows at a constant

rate g over time. We assume that the levels of consumption and leisure we observe in

the sample are representative of the possible values an individual could observe for a

particular age group a in a given year. Survival rates by age groups in different locations

are estimated by using census data and different methodological strategies. Since we

have individual-level data on consumption, leisure, location, and age; we have a triplet

{j, a, i} representing an individual j of age a in location i. Behind the veil of ignorance,

expected utility for an individual in location i is

Ui =
100

å
a= 1

baSi
a

N i
a

å
j= 1

w̄ i
jau(ci

jaega, ` i
ja)

Note that, following the original work by Jones and Klenow (2016), �ow utility for

each individual in our data is going to be weighted within her age group (of size N i
a)

by the factor w̄ i
ja which is normalized to sum to 1 within each age group (i.e., w̄ i

ja �

w i
ja/ å

N i
a

j= 1 w i
ja). Then, each weighted average of utility �ows is adjusted by the survival

rates speci�c to each location i for each age group a (i.e., Si
a).

The next step requires specifying the �ow utility function for the individual. For our

main analysis, we follow Jones and Klenow (2016) and assume the following function

which is additive on (log) consumption and leisure, and includes an intercept.

u(C, ` ) = ū + log C + n(` ) (1)

Recall that the consumption-equivalent welfare metric l i is implicitly de�ned by

Ur ( l i ) = Ui (1). Given our assumption regarding the speci�cation of the �ow utility, we

can write

Ur ( l i ) =
100

å
a= 1

baSr
a[ū + log l iCar + n(`ar)] =

100

å
a= 1

baSr
a[u

r
a + log l i ] (2)
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where,

ur
a � ū + ga+

N r
a

å
j= 1

w̄r
ja

h
log(cr

ja) + n(` r
ja)

i
(3)

Note that the term ga in equation 3 is the result of assuming exponential growth

in consumption (at rate g) in a logarithmic function to which a normalized weight

summing to 1 within each age group is applied. Using equation 2 we solve for

log( l i ) that equates expected utility in the region of reference r and location i, namely

Ur ( l iCar, `ar) = Ui (Cai, `ai)

100

å
a= 1

baSr
a[u

r
a + log l i ] =

100

å
a= 1

baSi
au

i
a

Given the assumption of separability in the �ow utility function, the result is straight-

forward:

log( l i ) =

"
1

å 100
a= 1 baSr

a

#
100

å
a= 1

ba
h
(Si

a � Sr
a)ui

a + Sr
a(ui

a � ur
a)

i

The denominator in the �rst bracket has a simple interpretation in the case of a fully

patient individual (i.e., b = 1): it represents life expectancy at birth in our region of

reference r. Therefore, the higher the life expectancy at birth in the region of reference

(i.e., where the individual lives), the lower the consumption-equivalent measure of the

standard of living. Further,

log( l i ) =
100

å
a= 1

"
ba(Si

a � Sr
a)

å 100
a= 1 baSr

a

ui
a +

baSr
a

å 100
a= 1 baSr

a

(ui
a � ur

a)

#

To ease notation, let lower case survival rates (in levels and differences) be normalized

by the sum of survival rates in our region of reference sr
a � baSr

a

å 100
a= 1 baSr

a
and Dsi

a � ba(Si
a� Sr

a)
å 100

a= 1 baSr
a
.

Therefore, we can then write the log of the consumption-equivalent welfare as

log( l i ) =
100

å
a= 1

Dsi
au

i
a +

100

å
a= 1

sr
a(ui

a � ur
a) (4)

Now consider a particular speci�cation for the �ow utility. By replacing equation 1 as

well as its equivalent for a region i in the second term of the equation 4 we get

9



log( l i ) =
100

å
a= 1

Dsi
au

i
a

+
100

å
a= 1

sr
a

N i
a

å
j= 1

w̄ i
ja log(ci

jaega)

+
100

å
a= 1

sr
a

N i
a

å
j= 1

w̄ i
jav(` i

ja)

�
100

å
a= 1

sr
a

N r
a

å
j= 1

w̄r
ja log(cr

jaega)

�
100

å
a= 1

sr
a

N r
a

å
j= 1

w̄r
jav(` r

ja)

We de�ne demographically-adjusted average utility from consumption and utility from

leisure

E log ci =
100

å
a= 1

sr
a

N i
a

å
j= 1

w̄ i
ja log(ci

jaega)

Ev(` i ) =
100

å
a= 1

sr
a

N i
a

å
j= 1

w̄ i
jav(` i

ja)

The welfare metric can be written as 5

log( l i ) =
100

å
a= 1

Dsi
au

i
a + Elog ci + Ev(` i ) � Elog cr � Ev(` r ) (5)

We now de�ne demographically-adjusted average consumption and leisure as c̄i �

å 100
a= 1 sr

a å
N i

a
j= 1 w̄ i

jaci
jaega and ¯̀

i � å 100
a= 1 sr

a å
N i

a
j= 1 w̄ i

ja` i
ja. Then, if we add and subtract c̄i , ¯̀

i , c̄r ,

and ¯̀r in equation 5 we get 6

5Note that å 100
a= 1 sr

a = å
N i

a
j= 1 w̄ i

ja = å
N r

a
j= 1 w̄r

ja = 1. Therefore, the growth rate of consumption g is going
to be irrelevant in the last part of equation 5 because g will cancel out when adding the two terms Elog ci
and � Elog cr . It may, however, affect the consumption-equivalent measure log( l ) through the �ow utility
in the �rst term, å a Dsi

aui
a, of equation 5.

6We slightly depart from the original analysis and computation of the main welfare metric (i.e., the
consumption-equivalent measure l ) in Jones and Klenow (2016) for two main reasons. First, since we are
interested in within-country differences in welfare, instead of computing a welfare measure with respect
to the United States, we focus on a measure relative to a reference regionr within each country (e.g., the

10



log( l i ) = å
a

Dsi
au

i
a

+ log c̄i � log c̄r

+ n( ¯̀
i ) � n( ¯̀r )

+ Elog ci � log c̄i � (Elog cr � log c̄r )

+ En(` i ) � n( ¯̀
i ) � (En(` r ) � n( ¯̀r ))

The decomposition of the welfare measure can be summarized as

log( l i ) = DLE + DC + D` + DC Inequality + Dl Inequality (6)

We next describe each component of the decomposition in equation 6. The �rst

component, DLE = å a Dsi
au

i
a with Dsi

a � ba(Si
a� Sr

a)
å a baSr

a
, captures the effect of differences

in survival rates. Note that this term will be negative as long as the reference region

presents, in average, lower age-speci�c mortality rates (or higher life expectancy at birth

under the assumption of individuals with no impatience whatsoever). The incidence

of these differences in mortality is then weighted by the �ow utility in location i -or

how much a year of life is worth in terms of utility. The interpretation of the second

term, DC = log c̄i � log c̄r , is much simpler since it refers to the relative difference

in (demographically-adjusted) average consumption between locations i and r. Since

our reference location tends to be the wealthiest within a country, we expect this

component to be negative in most cases. The fourth component, Dl = n( ¯̀
i ) � n( ¯̀r ),

denotes the contribution of differences in leisure to the welfare measure. Finally, the

last two components, DC Inequality and Dl Inequality, represent the contribution of

consumption inequality and leisure inequality, respectively.

To conclude, and before moving on to the details of the microdata, a set of additional

assumptions about parameters and relevant functional forms for utility is necessary.

Speci�cally, we �rst need to calibrate the intercept in the �ow utility ū, the growth rate

capital of the country, the wealthiest region, or urban areas). Therefore, the simple statistic we compute
will indicate what proportion of consumption in the reference region would provide the same expected
utility as the value in our region of analysis. In most cases we select the region with the highest income as
the reference; adjustment in such cases will require a reduction in consumption. Second, to avoid relying
on detailed income data within our country of analysis, we do not compute the welfare as welfare relative
to income as in Jones and Klenow (2016). In their main analysis, Jones and Klenow (2016) focus on an
equivalent variation relative to income. That is, Jones and Klenow (2016) focus on log l i

ỹi
; where ỹi is the

ratio between country i income and US income. This will simply imply that the component of consumption
in the welfare decomposition (i.e., DC below) cannot be interpreted as the share of consumption in GDP.
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of consumption g, and the discount factor b. In their original work Jones and Klenow

(2016) assume a common annual growth rate of consumption of 2 percent. Once one

assumes a growth rate of consumption, as well as we assume an interest rate and a

mortality discount, an impatience rate (and thus a discount) can be computed. For

instance, with an interest rate of 4 percent, growth of consumption of 2 percent, and

mortality discount of 1 percent one can come with a 1 percent impatience rate (thus

b = 0.99). To calibrate ū we need to set a value of life for the country of study. Jones

and Klenow (2016) assume a value of life of $6 million, which leads to ū = 5. However,

it has been argued that the implied value of life would be substantially lower in poor

countries. We discuss below the details of the calibration for ū. Finally, we need to

specify the baseline utility function from leisure. Following Jones and Klenow (2016),

we assume a utility function with an implied constant Frisch elasticity, that is:

v(` ) = �
qe

1 + e
(1 � ` )

1+ e
e

Note that this functional form requires information on two parameters: (1) the Frisch

elasticity (i.e., e, which determines how �exible the labor supply is in response to wage

�uctuations) and (2) the utility weight on leisure (i.e., q). While Jones and Klenow

(2016) set in their main analysis a Frisch elasticity of 1 which implies that the disutility

from working increases with the square of the number of hours worked, there is no

clear consensus in the literature on its value. We will thus investigate the sensitivity

of our results to this choice (i.e., in our main analysis we will set e = 1). Once we

have a value of e, we compute the value of q using the �rst-order condition for the

labor-leisure decision. Given the functional form assumed for the utility function in our

main analysis, the �rst-order condition will deliver q = w(1 � t )(1 � ` ) � 1
# / c. Therefore,

some additional data are required, speci�cally the marginal tax rate, the ratio of wage

to consumption, and average leisure, for which we follow the parametrization of Jones

and Klenow (2016) and arrive to a value of 14.2 for q.

3 Microdata and country-speci�c calibration

This section describes our main sources of microdata and discusses both the operational

strategies used to compute our measures and the country-speci�c calibrations.
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3.1 Consumption and leisure

Our measure of consumption captures household expenditures on non-durable goods

and services, including both monetary purchases and in-kind items. It comprises spend-

ing on food (including self-produced food), housing (including rent and imputed rent

for homeowners), utilities, personal care, clothing, health, education, transportation,

and other everyday goods and services. Expenditures on durable goods—such as

furniture, appliances, tools, and vehicles—are excluded to avoid issues related to asset

accumulation and depreciation. The resulting consumption aggregate re�ects actual

material well-being over a given period, rather than investment in long-lived assets. In

addition to household consumption, we incorporate government expenditure data —

obtained from the Penn World Table — to account for publicly provided goods and

services that contribute to welfare.

We underscore two caveats with consumption measurement. First, household

consumption expenditures are subject to spatial variation in the cost of living. Urban

areas – and particularly large established cities – systematically exhibit higher costs of

living, primarily driven by housing and non-tradable services. Consequently, nominal

consumption disparities may overstate real utility differences over space (Ferré et al.,

2012). JK (2016) applied their welfare framework at the national level, where spatial

variation in the cost of living may have overstated the role of consumption inequality

(DC Inequality). Since our approach aggregates consumption at the subnational level,

any bias from spatial price disparities is likelier to show up in the consumption total

(DC), rather than the inequality component. Second, relying on household survey

microdata to compute the consumption inequality component may under-represent the

extremes of the distribution. Household surveys may fail to capture higher income

households, or their income may be top-coded, although the effect of selection and

top-coding may be greater on income than expenditure statistics (Hurst et al., 2014).

Using individual level survey data, in Figure 1, we display life-cycle consumption

for a selected group of regions and years, i.e., the evolution of consumption by age

group a (of size N i
a)) in region i. For each region-country-year, we present four different

consumption series.7

7All consumption series are expressed in 2017 PPP-adjusted US dollars.
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First, the gray line shows the evolution of average consumption by age group: 8

ci
a =

N i
a

å
j= 1

w̄ i
jaci

ja

The blue line shows the evolution of demographically-adjusted average consumption

when adjusted by the survival rates speci�c to each location i for each age group a:

c̄i
a = si

a

N i
a

å
j= 1

w̄ i
jaci

jaega

with si
a � baSi

a

å 100
a= 1 baSi

a
. This means that the survival adjustment also incorporates impatience

and the potential growth g in consumption. Recall we assume that the representative

individual will draw from cross-sectional distributions of consumption and survival

rates and that these statistics in the sample are representative of the possible values an

individual could observe for a particular age group a.

The red line shows the evolution of the demographically-adjusted average con-

sumption in region i when using the age-speci�c survival probabilities of our reference

region r. This is the consumption measure we use in the computation of our welfare

measure. Finally, to compare relative positions within the consumption distribution

across regions, the gray line depicts the national demographically-adjusted average

consumption, i.e., the age-speci�c average consumption computed using all individuals

and adjusted with the national survival curve.

Consistent with previous literature for developed countries (see, for instance,

Attanasio and Browning for the United Kingdom) and some developing countries (see,

for example, Bairoliya et al. for India), consumption over the life cycle appears to follow

an inverted-U shape during the usual working years (i.e., from age 20 to 60). 9

We construct individual-level leisure from reported labor supply in each country's

main household survey. Because the reference period for labor supply differs across

surveys, we �rst harmonize all measures into annual hours worked. Depending on the

questionnaire, annual hours are obtained by annualizing reported weekly hours or by

8Recall that each individual j's consumption in our data is going to be weighted within her age group
by the factor w̄ i

ja which is normalized to sum to 1 within each age group. That is,

w̄ i
ja �

w i
ja

å
N i

a
j= 1 w i

ja

9To make the comparison with previous evidence in the literature more accurate, one should compute
consumption relative to the head of the household of a given age (e.g., 25-year-old men).
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Figure 1: Average Consumption by Age and Selected Region-Year

Eastern Cape, South Africa 2023 North, Malawi 2019 South, Mexico 2018

North, Peru 2018 Dhaka, Bangladesh 2016 Phnom Penh, Cambodia 2019

combining reported information on the intensity and duration of work, such as hours,

days, weeks, or months worked. Total hours include primary and secondary jobs and,

where applicable, other economic activities. Missing work hours are treated as zero.

We assume individuals have 16 discretionary hours per day after accounting for

sleep, resulting in 5,840 hours per year. For each individual, leisure is calculated as

the share of annual discretionary time not allocated to work. Speci�cally, we subtract

annual hours worked from the annual time endowment and express the remainder as

a proportion of that endowment. For individuals below the minimum working-age

threshold 10, we assume zero hours worked and assign them a leisure share of one.

An important caveat to the JK (2016) framework for valuing leisure is that non-

work hours may re�ect unemployment, underemployment or seasonal agricultural

lulls. While the �rst-order effect of unemployment should be captured by lower

household earnings and therefore consumption, non-work hours may still not re�ect

utility-enhancing leisure (e.g., such time may include job-search). Macroeconomic

evidence underscores this distinction: adults in low-income countries generally work

substantially more hours than those in high-income countries and, within poorer

countries, hours worked tend to decrease with individual wages (Bick et al., 2018).

To the extent that the JK (2016) approach con�ates the time and psychological costs

related to unemployment with the utility of leisure it may overstate the positive welfare

10We consider individuals aged 15 and older in Peru; 16 and older in South Africa; 6 and older in
Bangladesh; 5 and older in Cambodia and Malawi; and 12 and older in Mexico.
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contribution of the leisure component in regions with severe unemployment.

For further details on the datasets used and country-speci�c methodological choices,

refer to the Appendix.

3.2 Survival curves

Key inputs for our analysis are survival curves at low levels of aggregation. Since

such data is usually unavailable at subnational levels, we estimate survival curves

using subnational life expectancy or under-�ve mortality estimates. To estimate

survival curves for all ages between 0 and 100 based on a single statistic, we apply

MATCH application from MortPak – the United Nations software package for mortality

measurement. MortPak allows the estimation of life tables based on predetermined

table patterns and a single input statistic (life expectancy or under-�ve mortality, in our

case). MortPak provides a survival curve in intervals of �ve years. To expand it for

all ages between 0 and 100, we follow Jones and Klenow (2016) and interpolate those

results for missing years.

For subnational aggregation, we rely on subnational life expectancy estimates from

the Global Data Lab.11 When a subnational level is too granular, we construct a higher-

level life table by computing a population-weighted average of the constituent survival

curves. When a subnational level is too coarse, we assume that the survival curves of

its subdivisions are equal to the curves of the larger aggregated unit and we propagate

the resulting uncertainty to the higher level. Urban–rural differences in survival are

derived from under-�ve mortality estimates based on DHS data, which are derived

from NSO urbanization classi�cations; where necessary, these estimates are aligned with

the life-table framework and any required adjustments are documented. When year-

speci�c estimates are unavailable, we interpolate to the target year. For Mexico, where

DHS-based urban–rural estimates are unavailable, urban and rural survival curves are

constructed from population-weighted averages of state-level survival-rate estimates.

To ensure national consistency, the �nal urban–rural survival curves are adjusted so

that their implicit life expectancies match the national life expectancy. Our reliance on

a single urban or rural survival curve precludes life expectancy from contributing to

variation in welfare between or within urban areas (see Bilal et al., 2019, on variation in

life expectancies within six Latin American cities). Note that the implicit life expectancy

can be approximated by summing the probabilities of surviving from age 0 to 100.

Sometimes, this implicit estimate is higher or lower than the national life expectancy. To

11See blogs.worldbank.org/en/opendata/global-data-lab-resource-subnational-development-indicators-
household-surveys
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correct for this, we compute the ratio between the national and implicit life expectancies

and multiply the entire curve by this factor. Because the implicit life expectancy is a

linear functional of the age-speci�c survival probabilities, this scaling yields an exact

match to the national life expectancy.

For each country, we select the life table pattern that best matches the national

survival curves reported by the WHO in 2013. We then apply MortPak using this

selected table and national-level life expectancy �gures. Table 1 presents the chosen

table for each country. As an illustration, Figure 2 shows the national survival curves

provided by WHO data, vis-à-vis the estimates obtained using MortPak, for each

country in a selected year. The simple impression of the curves indicates a strong

agreement for Mexico, Bangladesh, and, to some extent, Peru and Malawi. There

are some discrepancies for people aged over 60 in Cambodia, and a somewhat weaker

alignment for South Africa.

Table 1: Survival Tables Employed to Estimate Survival Curves

Country Survival Table

South Africa New Coale-Demeny North
Malawi New Coale-Demeny North
Peru New United Nations Latin American
Mexico New United Nations Latin American
Bangladesh New United Nations South Asian
Cambodia New Coale-Demeny North

Notes: MATCH application from MortPak is applied to
subnational life expectancy data (or to under-�ve mortality
estimates for urban–rural comparisons) to estimate subna-
tional survival curves.

3.3 Value of statistical life

To compute the Value of a Statistical Life (VSL) - required to calibrate ū, we follow the

methodology proposed by Wijnen et al.(2025), which estimates VSL as a function of per

capita gross national income (GNI). Speci�cally, for low and middle income countries,

the VSL is given by the expression:

VSL = 0.404�
�

Y
5,726

� 1.2

(7)

where VSL is expressed in millions of USD (2020 prices) and Y denotes the country's

GNI per capita, also in USD at 2020 prices.
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Figure 2: Comparison National Survival Curves: WHO vs Mortpack

Malawi South Africa

Peru Mexico

Cambodia Bangladesh

We construct this measure for each country-year in our dataset using GNI per capita

�gures based on the Atlas method, as reported by the World Bank. Since this GNI data

is expressed in current USD, we de�ate it to constant 2020 USD using the GDP de�ator

series, also provided by the World Bank. Finally, to express the VSL in constant 2007

USD, we apply the same de�ator to convert 2020 values to 2007 price levels. Table 2

presents the value of statistical life for each country-year in our sample.

3.4 Intercept of the utility function ( ū)

An important component of the utility function is the constant term ū, which we

calibrate separately for each country-year in our dataset. To determine its value, we

equate the present value of the lifetime utility �ow—computed under the assumption

ū = 0 —for an individual aged 40, with the utility-equivalent value of the VSL.
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In practical terms, we proceed as follows. For each country-year, we use the

corresponding microdata to compute key empirical moments aggregated by age. Based

on these, we calculate the discounted sum of the utility �ow from age 40 to 100,

assuming a utility function with ū = 0. This provides the present value of lifetime

utility, measured in units of “utils,” for a 40-year-old individual.

Next, we compute the VSL in the same utility units using the same functional form.

The difference between the utility-equivalent of the VSL and the present value of the

utility �ow de�nes ū: that is, the value that must be added uniformly to each period's

utility so that the discounted lifetime sum matches the VSL in utility terms. Table 2

presents the value of ū for each country-year in our sample.

Table 2: Value of a Statistical Life

Country Year VSL ū

Bangladesh 2005 0.03 4.47
Bangladesh 2016 0.07 3.68
Cambodia 2009 0.04 3.77
Cambodia 2019 0.10 4.30
Malawi 2004 0.02 4.93
Malawi 2019 0.02 4.37
Mexico 2002 0.68 3.28
Mexico 2018 0.63 2.34
Peru 2007 0.21 3.71
Peru 2018 0.40 3.39
South Africa 1993 0.32 3.42
South Africa 2023 0.32 2.53

Notes: VSLs are expressed in million
USD (2007).

3.5 Urban - rural classi�cation

We assign an urbanization label to each household that is distinct from the urban-rural

status assigned by national statistical of�ces. Our approach is based on the Degree

of Urbanization methodology implemented by the Settlement Model (SMOD) of the

Global Human Settlement Layer (GHSL; see Schiavina et al., 2023b). The SMOD uses

remote-sensed built-up density and census population data to categorize the planet's

land surface into settlement typologies every �ve years and at a 1 square km resolution.

The methodology provides a globally consistent classi�cation for urbanization that

is recommended by the UN Statistical Commission, given that of�cial urban/rural

de�nitions vary widely across countries (and may vary across survey rounds within
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the same country; see Ellis and Roberts (2016) on issues measuring urbanization in

South Asia). Our approach also assigns a time-varying urbanization status to �xed

locations, allowing us to track changes in status or construct derived metrics such as a

rural household's distance to the nearest urban area.

Each SMOD raster cell is assigned a code that re�ects a particular type of settlement

morphology. We group the codes for urban centers (30), dense and semi-dense urban

clusters (23 and 22) and suburban and peri-urban areas (21) as “urban.” Conversely,

codes 10 through 13 correspond to rural conditions — ranging from low-density

settlements to predominantly uninhabited or sparsely populated zones.

The spatial link between survey data and SMOD rasters is implemented using

geospatial units from country- and year-speci�c surveys, typically at the enumeration

area level matched to a census round. The details on spatial units and the assignment

process employed for each country, year and dataset are provided in the online

appendix, but assignment tends to follow two major cases, depending on the nature of

the household's geospatial identi�er. For point data (available in Peru, Malawi 2019 and

for a subset of spatial units in Mexico and Cambodia) the assignment is a simple point-

in-polygon test. Each point maps onto a single SMOD raster cell, and receives a unique

SMOD code. For polygons, we implement a population-weighted overlay method. First,

we intersect the shape with the SMOD raster for urbanization, obtaining a partition of

each shape by urbanization class.12 We then intersect these partitions with a second

global data product from GHSL, the 100 meter resolution population layer (POP, see

Schiavina et al., 2023a), which we accumulate to the share of the population within each

geospatial unit living under each SMOD urbanization class. The shares are applied to

each household ID de�ning an urbanization share weight that applies to each household

and urbanization class. When aggregating across urbanization categories, as described

below, we multiply standard survey weights by these urbanization share weights to

obtain statistics of the population by urbanization status. 13 This aggregation rests on

two assumptions. First, that the population in each dataset we use (e.g., a consumer

or labor survey) was surveyed within each enumeration area unit in proportion to

our urbanization share weights. This condition would be satis�ed if households are

surveyed in proportion to measured population density within each spatial unit. We

cannot test this assumption, which would require knowledge on how each survey

12NSOs assign a single urbanization category to each geospatial unit in their census frame, but these
do not necessarily coincide, in whole or in part, with GHSL SMOD classi�cations. We discuss further in
Section 3.5.1 below.

13As an example, all 10 households in an enumeration area with a 90% urban population share will
be weighted 9/10 as urban households and 1/10 as rural households, and further re-weighted by survey
weights.

20



was �elded at the sub-enumeration area level (a form of NSO-speci�c institutional

knowledge that is usually not disclosed, and at which NSOs do not usually keep spatial

data). However, we know that the impact of this assumption is small because most

geospatial units are assigned to a fully urban or rural status (as shown in Figure 4,

and discussed in Section 3.5.1 below). Second, our approach assumes that the survey-

speci�c household weights that each NSO designs to ensure representativeness across

urban and rural enumeration areas maintain representativeness across our urbanization

classes. This assumption is not testable, but we provide a sensitivity analysis of our

main results across alternative methods for classifying urbanization. GHSL provides

urbanization and population data every 5 years. We apply linear interpolation at the

unit level to assign urbanization status to surveys �elded on off years.

3.5.1 Comparison with urban-rural classi�cations from NSOs

In this section we compare our classi�cation of urban-rural status with that from

national statistical of�ces (NSOs). For each survey we calculate the share of households

classi�ed as rural or urban within each geographical unit by the NSO and by our

method, described above. In Figure 3 we aggregate both types of urban-rural population

shares at the admin 1 level for the most recent survey in each country. 14 The degree of

correspondence varies substantially across countries, depending on two main factors:

the granularity of the aggregation unit and the frequency with which the measure

provided by the NSO is updated. The correspondence is strongest for Mexican states in

2018, and to some extent, for Peruvian provinces in the same year. For South African

provinces in 2023, the correspondence is strong in highly urbanized provinces but

weaker in the rest of the country. Cambodian provinces show a moderate degree of

agreement (re�ected in the clustering of units along the 45-degree line) for about half

of the sample. Districts in both Malawi (2019) and Bangladesh (2016) show a weak

correspondence between the two approaches: the NSOs in both countries classify the

majority of the population in almost all level 1 units as highly rural, whereas we �nd

higher (and in the case of Malawi, more nuanced) urbanization weights. In Malawi there

appears to be a more continuous distribution of the urbanization rate across districts.

Our classi�cation �nds uniformly higher urbanization rates for Bangladesh, consistent

with "hidden" urbanization in the country's of�cial urbanization rates, as documented

in Ellis and Roberts (2016).15

14Figure A.1 shows the same analysis for the oldest survey from each country. A comparison suggests
that the correspondence between the two classi�cations has improved over time.

15Urbanization rates have been undercounted in Bangladesh since the 2011 census, when the Bangladesh
Bureau of Statistics changed its classi�cation for urbanization to a strictly administrative de�nition,
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Figure 3: Correspondence Between Urbanization Rates (Most Recent Survey): NSO
vs Our De�nition

South Africa Provinces
2023

Malawi Districts
2019

Peru Provinces
2018

Mexico States
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Bangladesh Districts
2016

Cambodia Provinces
2019

Instead of aggregating our data to administrative districts, in Figure 4 we overlap

both de�nitions using the most granular geospatial unit available for each country in

the most recent survey. As expected, the correspondence between the two approaches

is much higher at a �ner level of granularity (often small enumeration areas or

geographical coordinates). Indeed in all the country-years we observed that between

78% to 96% of locations classi�ed as urban by NSO are 100% urban under our SMOD

classi�cation. Nevertheless, in some countries there are still clear disparities in how

each approach de�nes a location as urban. Take for instance the cases of Malawi

and Cambodia, both in 2019: almost 30% of the enumeration areas that are classi�ed

as rural by their NSOs are urban under SMOD classi�cation. The discrepancies are

much more evident in the case of Bangladesh, where more than 70% of the smallest

geospatial unit at which we can place survey respondents (i.e., Mouzas, a unit larger

than enumeration areas) are classi�ed as rural by NSO but are more than 90% urban

under SMOD classi�cation. Further, very few administrative units in Bangladesh are

classi�ed as rural under SMOD classi�cation: this suggests that despite the issues with

NSO classi�cation the GHSL-based classi�cation may also not be suitable in this country.

GHSL urbanization classi�cations are a function of population density thresholds, and

removing the "urban" classi�cation from all Upazila headquarters and growth centers that had not been
legally incorporated as Pourashavas (municipal corporations).

22




	Introduction
	Theory
	Microdata and country-specific calibration
	Consumption and leisure
	Survival curves
	Value of statistical life
	Intercept of the utility function ()
	Urban - rural classification
	Comparison with urban-rural classifications from NSOs


	Within-country variation in welfare
	Regional differences
	South Africa
	Malawi
	Peru
	Mexico
	Bangladesh
	Cambodia
	Summary

	Urban and rural areas
	Urban transitions
	Welfare at the level of individual urban areas
	Welfare in urban areas and their hinterlands


	Conclusion

