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Abstract

More than two decades of sustained economic growth in
South Asia brought significant reductions in poverty, yet
inclusive social progress has remained elusive. Using a pseu-
do-panel approach with a large-scale harmonized dataset of
20 million observations across seven South Asian countries,
this paper traces the evolution of inequality of opportunity
across cohorts born between 1950s and 1990s for three out-
comes: education, labor markets, and consumption. The
findings show substantial improvements in educational
opportunities and unchanging high levels of inequality of

opportunity in consumption. Three mechanisms explain
this divergence. First, educational expansion focused on
basic schooling for the 1950s to 1980s cohorts—a skill
level with limited labor market returns. Second, despite
narrowing gender gaps in educational attainment, female
labor force participation remains stubbornly low across
cohorts. Third, even among equally educated individuals,
circumstances continue to predict labor outcomes, suggest-
ing persistent structural barriers to labor market access and
fair rewards.
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1 Introduction

The South Asia region has achieved substantial progress in poverty reduction, driven by
robust and sustained economic expansion. Extreme poverty, measured at $2.15 per day
(2017 PPP), fell dramatically from 536 million in 1990 to 191 million in 2019 (World Bank,
2022). Yet despite this remarkable economic success, South Asia records the highest
global demand for income redistribution—a preference that has increased sharply since
the 1990s (World Bank, 2023b, World Values Survey). This contrast of growth and
poverty reduction alongside rising demands for redistribution suggests that the benefits
of economic progress have not been distributed equally across the population, raising
fundamental questions about inequality of opportunity.

Beyond equity concerns, inequality of opportunity imposes substantial efficiency costs
on South Asian economies. With only one-third of working-age women participating in the
labor force—one of the lowest rates globally and well below the emerging market average
of 54 percent—the region faces a costly misallocation of human resources. World Bank
(2024b) estimates that raising female labor force participation to male rates could boost
per capita incomes in South Asia by up to one-half in the long term, through increased
labor supply, capital accumulation, and productivity gains. If South Asian countries are
to achieve their ambitious development goals of reaching higher income levels, addressing
inequality of opportunity—particularly the structural barriers that exclude women from
productive employment despite their educational gains—becomes not merely a matter of
fairness but economic necessity.

Recent global evidence confirms the severity of South Asia’s opportunity deficit. Van
der Weide et al. (2024), constructing a global database on intergenerational mobility from
153 countries, show that South Asia exhibits among the world’s lowest levels of educa-
tional mobility, with 13 of the 15 globally least mobile countries located in Africa or South
Asia. Their focus on intergenerational transmission—measuring how strongly parental
education predicts children’s educational attainment—reveals the powerful persistence of
disadvantage across generations in the region. However, Van der Weide et al. (2024)
explicitly note that education mobility “doesn’t capture labor market inequality”, sug-
gesting that understanding the full opportunity structure requires complementary analysis
beyond mobility measures.

Our paper provides this complementary perspective through the inequality of oppor-
tunity (IOp) framework, which considers not only parental background, but also other
circumstances beyond individual control—including gender, caste, religion, and location.
This broader lens, combined with our focus on multiple outcome dimensions (education,
labor markets, and consumption), allows us to address the central research question: How
have improvements in educational opportunities translated—or failed to translate—into
improvements in consumption opportunities in South Asia? Understanding this trans-
mission mechanism is essential both for explaining the region’s stubbornly low mobility
and for designing policies that can break the cycle of disadvantage.

Educational expansion in South Asia since decolonization has been dramatic. Pri-
mary completion rates for cohorts born between the 1950s and 1990s rose sharply from
below 40% to over 80%. As we document in this paper, this expansion substantially re-
duced inequality of opportunity (IOp) in education—the share of educational inequality
attributable to circumstances beyond individual control such as gender, parental back-
ground, and place of birth. Yet total inequality in consumption or income, while com-
paratively low by global standards (average Gini 0.34 compared to 0.45 in Latin America



and 0.43 in Sub-Saharan Africa—the world’s most unequal regions; World Bank 2025a),
exhibits little decline in its circumstance-driven component. By international comparison,
the unfair share of consumption inequality—relative IOp—remains persistently elevated
across South Asian countries (figure 1).

This creates a puzzle: if educational opportunities have equalized substantially, why
has consumption IOp remained stubbornly high? What mechanisms prevent educational
gains from translating into consumption gains? And what does this disconnect imply for
policy priorities?

To investigate this puzzle, we construct a comprehensive dataset leveraging a large
data-harmonizing effort across 100 nationally representative household surveys for seven
South Asian countries (Afghanistan, Bangladesh, Bhutan, India, Nepal, Pakistan, Sri
Lanka), spanning 20 million observations. Using a pseudo-panel approach, we trace
cohort-specific trends in IOp across three outcome dimensions—education, labor mar-
kets (labor force participation and wage employment), and consumption—for cohorts
born from the 1950s through the 1990s. By measuring IOp consistently across multiple
outcomes and linking these outcomes within a unified framework, we can identify where
the transmission from educational opportunity to economic opportunity breaks down.

Our analysis reveals three interconnected mechanisms that can account for the diver-
gence between educational and consumption opportunity.

First, the scope of educational expansion matters. Educational gains were concen-
trated at the bottom of the distribution—moving individuals from no education to pri-
mary completion—with much slower progress at secondary and tertiary levels. For cohorts
born in the 1950s through 1980s, most improvements occurred in basic education. Yet,
we document that labor market returns to education are sharply convex in South Asia.
Primary education yields minimal wage premiums, while secondary and especially tertiary
education provide substantial advantages for accessing wage employment and higher earn-
ings. Consequently, the equalization of education at low-return levels failed to generate
corresponding reductions in consumption inequality.

Second, labor force participation gaps persist despite educational gains. Nearly the
entire reduction in educational IOp can be attributed to improvements for females, par-
ticularly in rural areas, as gender gaps in educational attainment narrowed dramatically.
However, female labor force participation remained stubbornly low across all cohorts and
education levels. Even as women gained education, they did not translate these gains
into labor market participation at rates approaching men’s. This muted responsiveness of
labor supply to educational gains—especially acute for higher-educated women in urban
areas—represents a critical bottleneck preventing educational opportunity from convert-
ing to economic opportunity.

Third, labor market discrimination persists among the equally educated. Even con-
trolling for educational attainment, we find that circumstances continue to predict labor
market outcomes. IOp within groups of equally educated individuals remains substantial,
evidencing that the labor market rewards education differently based on gender, caste,
location, and other circumstances. Strikingly, while IOp within the highly educated group
(secondary and above) is lower than for the population overall, it has increased across
cohorts for this selected group—suggesting that as more disadvantaged individuals gain
higher education, they face greater barriers to translating credentials into economic re-
turns.

Taken together, these findings reveal that South Asia has substantially reduced in-
equality of opportunity in educational access—a major achievement—but the same cir-



cumstances that mattered less for obtaining education continue to matter just as much
for obtaining economic returns. Gender provides the starkest example: nearly complete
equalization of female educational opportunities coexists with persistent exclusion from
wage employment. Until these labor market bottlenecks relax, aggregate consumption
IOp will decline only slowly despite impressive educational equalization.

This paper contributes to three interconnected literatures. First, it advances the
measurement and analysis of inequality of opportunity in developing regions. Building
on the theoretical framework of Roemer (1998) and the empirical approaches of Ferreira
and Gignoux (2011), we provide the first systematic IOp estimates across all South Asian
countries for multiple outcome dimensions with consistent measurement over a long time
horizon. While existing studies have documented low educational mobility for specific
countries—notably Asher et al. (2024) for India, showing constant and low mobility since
before liberalization with divergent trends across social groups—and World Bank regional
reports (World Bank, 2015, 2023a) have established that circumstances account for 40%-
60% of inequality in consumption and education, our regional comparative framework
enables identification of variation in trends and levels across countries, outcomes, and
cohorts. This addresses Van der Weide et al. (2024)’s call for “regional deep dives” that
can exploit subnational variation to understand region-specific contexts including caste
systems, gender norms, and policy environments.

Second, our paper speaks to the literature on consumption inequality trends and their
drivers. Chancel and Piketty (2019) document dramatic increases in Indian income in-
equality—the top 1% income share rose from 6.2% in 1982-83 to 21.3% in 2014-15—while
Datt et al. (2020) show poverty reduction has accelerated post-1991 reforms despite ris-
ing inequality. These studies acknowledge that unequal opportunities matter but do not
systematically measure or decompose [Op. By measuring IOp across education, labor
markets, and consumption within a unified framework, we reveal the transmission mech-
anisms linking these domains. Our finding that educational IOp declined while consump-
tion IOp remained flat suggests that labor market barriers and potentially capital/asset
inequality increasingly drive consumption outcomes—a finding with direct policy impli-
cations distinct from recommendations that would follow if educational barriers remained
primary.

Third, we contribute to understanding gender inequality and education-labor market
linkages in South Asia. Jensen (2012) provides experimental evidence that labor market
opportunities causally affect women’s educational investments in rural India—information
about good jobs increases girls’ schooling and delays marriage. Aslam (2009) shows that
women’s educational returns exceed men’s in Pakistan (13%-18% vs. 7%-11% per year),
yet gender gaps in education persist because total labor market returns favor men due to
discrimination. Our findings complement this literature by documenting that secondary
education particularly benefits women’s access to wage employment—providing specific
evidence on which education levels enable formal sector participation—while also show-
ing that even higher-educated women face persistent barriers to labor force participation.
This nuances the existing evidence by identifying that the problem is not just discrimina-
tion conditional on participation, but also structural barriers to participation itself, even
among the highly educated.

Our analysis also relates to research on the returns to education and labor market dis-
crimination. We document convex returns to education across South Asia, with particu-
larly strong effects for women and in urban areas, consistent with evidence from Pakistan
(Aslam, 2009) showing more convex education-earnings profiles for women. However,



we extend this evidence by showing these returns have remained stable or even declined
slightly over time, suggesting that as educational expansion continues, qualification infla-
tion may emerge. The persistent [Op within education groups—particularly increasing
IOp among the highly educated—provides novel evidence on within-education-level dis-
crimination that complements existing work on affirmative action effectiveness (Bertrand
et al., 2010).

Finally, our cohort-based approach enables assessment of how policy changes may have
affected opportunity. While we cannot provide causal estimates, the cohort comparisons
can identify suggestive patterns. For instance, Sri Lanka’s early investments in universal
education (Little, 2011) correspond to lower I1Op levels in our data compared to coun-
tries with later or less comprehensive reforms. Such patterns can inform regional policy
learning.

The remainder of the paper proceeds as follows. Section 2 presents the IOp framework
and our empirical approach. Section 3 describes the data harmonization across 100 surveys
and addresses measurement challenges. Section 4 provides cross-sectional IOp estimates
for the most recent period and documents cohort trends across outcomes, establishing the
central puzzle of divergent IOp trends. Section 5 investigates the mechanisms behind this
puzzle through three complementary analyses: opportunity growth incidence curves that
reveal differential consumption gains across types, detailed analysis of the education-labor
market linkage including returns to education and labor force participation patterns, and
Shapley decompositions that attribute changes in IOp to specific circumstances. Section 6
concludes with policy implications and directions for future research.

Figure 1: Total Inequality vs IOp across the World
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Notes: This figure depicts, on the vertical axis, relative IOp in household consumption per capita in South Asia based on
the latest available cross-section of our data (bold) or IOp in consumption or in income per capita in the rest of the world
from the GEOM (2024) Database and, on the horizontal axis, the Gini coefficients for the corresponding countries. Note,
our estimates are based on consumption while the majority of the GEOM estimates are based on income, i.e., our estimates
are lower bounds with respect to comparison with those of GEOM. Further note, that GEOM provides for India an income
estimates based on the IHDS 2011 (gini: 0.53, relative IOp: 0.50) which aligns which our estimates on wages based on
the PLFS 2022 (0.47 0.53), and for Nepal a consumption estimate based on the NLSS 2011 which highly overstates total
consumption inequality as reported by the World Bank (2025a) (0.54 vs. 0.33) while our estimate based on the NLSS 2022
(gini: 0.3, relative IOp: 0.3) fully aligns with World Bank (2025a) (gini: 0.3).

Source: Own calculations based on latest survey data (table A1), GEOM.



2 Conceptual Framework

Between-group disparities are at the core of the inequality of opportunity framework con-
ceptualized by (Roemer, 1998). An individual’s outcome y is considered to be determined
by individual characteristics which are subsumed using a binary classification into cir-
cumstances C, i.e. characteristics which lie beyond individual control, and effort e, i.e.
characteristics which, contrariwise, are at least partially controlled by individuals. For-
mally, y = g(C, e(C)) represents a reduced-form model in which outcomes are exclusively
determined by circumstances and effort. Equality of opportunity requires differences in
outcomes due to differences in circumstances to be eliminated.’

In its ex-ante conception this corresponds to the set of opportunities being same for all
individuals. To characterize the opportunity sets available to individuals, the population
is partitioned into subgroups (disjunct types) based on circumstances C, such that all
members of type j are homogeneous in their circumstances. In turn, we denote the
individual outcome y;; allowing us to transform the actual outcome distribution [Y;;] into

a counterfactual distribution [}Nﬁj} that reflects only and fully the unfair inequality in [Y};]
as its inequality is entirely linked to circumstances. Comparing inequality in those two

distributions, IOp™ = I%Yf }])) , allows us to quantify the share of total inequality being
ij

linked to circumstances, i.e., the more inequality in counterfactual outcomes, the more

circumstances beyond individual control influence outcomes, and the more inequality of

opportunity there is.

To empirically estimate the counterfactual distribution [Y/ij], we measure the value

of the opportunity set of type j based on the arithmetic mean of the outcome of type 7,
i.e., equality of opportunity prevails if opportunity sets are equalized which corresponds
to equal mean outcomes across types. Following Ferreira et al. (2011), we parametrically
estimate the individual outcome y;; as function of circumstances only, i.e., via the reduced-
form regression of the outcome on circumstances,

y=a+pC+e. (1)

Ultimately, this captures the extent to which circumstances - both directly and indirectly -
contribute to the variation observed in the outcome. For example, parents’ level of educa-
tion may influence both directly and indirectly an individual educational attainment, e.g.,
through additional resources available for higher education (a direct effect) and through
cultural and role models (an indirect effect).

Measuring [Op, i.e., inequality in the counterfactual distribution, corresponds to sum-
marizing population-weighted between-groups inequalities as estimated by linear regres-
sions. In turn, it connects to the literature on labor market returns and earnings differ-
entials as far as considered covariates can be regarded as circumstances. For example,
differences in employment or wages across gender, regions or race are often estimated to
document differential growth. Using the IOp lens allows to summarize those inequalities

!Compensation for circumstances can be formulated in two ways: ex-ante and ex-post. The con-
ceptual distinction revolves around whether compensation is to be accorded to individuals prior to the
determination of their effort levels, or after their efforts are revealed. In the ex-ante approach, equal-
ity of opportunity prevails if the set of opportunities is the same for all individuals, regardless of their
circumstances. In contrast, in the ex-post approach, there is equality of opportunity if and only if all
those who exert the same effort end up with the same outcome. Since measuring effort is rather difficult
empirically, most of the applied literature opts for conceptualizing compensation prior (i.e. ex-ante) to
the realization of efforts.



and quantify the share of labor market inequality linked to circumstances and, following
Roemer (1998)’s conception of I0p, being regarded as unfair. Hence, this includes dispar-
ities shaped by circumstance, directly like urban-rural differences in economic opportu-
nities or indirectly like female labor force participation norms. While this simplification
omits the inter-linkages to preferences and responsibility (see Fleurbaey, 2008, for an ex-
tensive discussion), it allows to benchmark the unfair share of between-group inequality.
Regarding its evolution can inform on the inclusiveness of economic growth.

Following the literature (e.g., Ferreira et al., 2016; Brunori et al., 2019a), we use
the Gini coefficient when analyzing IOp in educational attainment (years of schooling),
consumption and wages.? For binary outcomes—examining completion of different ed-
ucational degrees and investigating different stages of labor market success (labor force
participation and wage employment)—we adjust both the estimation method and the
inequality measure. Hence, equation (1) is estimated via a probit regression and we use
the dissimilarity index (D-index), defined as:

1 N
D=—S 13 —1l. 2
vy 2= 1 @)

where N is the total number of individuals, g; is the predicted outcome for individual
i based on their circumstances, and gy is the mean outcome in the population. Since
the prediction g; depends only on circumstances, all individuals belonging to the same
circumstance type share the same predicted value. The summation over all individu-
als automatically provides population weights: types with more individuals contribute
proportionally more to the index.

The D-Index ranges from 0 (complete equality of opportunity, where all types have the
same predicted outcome) to 1 (maximum concentration, where opportunities are entirely
determined by circumstances). It measures the population-weighted average absolute
deviation of type-specific outcomes from the overall mean, scaled by the mean outcome.
Equivalently, it can be interpreted as half the share of the population that would need
to switch their outcome status (e.g., from participating to not participating in the labor
force, or vice versa) to achieve equal outcomes across all types.®> Importantly, a given
D-Index value has different implications depending on the baseline outcome rate. For
instance, a D-Index of 0.25 for labor force participation implies larger absolute disparities
when mean participation is high than when it is low, though the relative segregation is
the same.

2We prefer the Gini over the mean logarithmic deviation (MLD) due to its higher sensitivity to gaps
closer to the mean of the distribution. The MLD is particularly sensitive to the bottom tail of the
distribution, which would be problematic for the education analysis as the distribution is largely skewed
to the left. MLD-based estimates align qualitatively for the consumption analysis but are less pronounced
due to the different sensitivities (see Brunori et al., 2019a, for a detailed discussion).

3 The D-index was devised by sociologists and demographers to quantify the level of segregation
between groups within a larger population, e.g., residential segregation between ethnic groups in a given
area. The D-Index is closely related to the popular Human Opportunity Index (HOI). The HOI measures
the overall coverage/access to a service () corrected for equity, i.e., HOI= g(1-D). In turn, the D-index
captures the unequal access/IOp concerns in evaluating a population coverage like the literacy rate (see
De Barros, 2009; Palmisano et al., 2022).



3 Data

For our analysis of inequality of opportunity in South Asia, we use 50 household surveys
and 50 labor force surveys across 35 years with a total of over 20 million observations
covering 7 countries (Afghanistan, Bangladesh, Bhutan, India, Nepal, Pakistan and Sri
Lanka). To obtain a sufficient sample size for a birth cohort-based analysis (table A2), we
follow Bussolo et al. (2023) in creating pseudo panels of cohorts by pooling observations
across surveys allowing us to cover cohorts born in the 1950s to the 1990s.*

Table 1 provides an overview of the underlying data sources (see section A.1 for de-
tails).

Table 1: Survey Overview

Country Survey Full Survey Name Survey Years used in Analysis
Afghanistan NRVA  National Risk and Vulnerability Assessment 2008, 2012

Afghanistan ALCS  Afghanistan Living Conditions Survey 2014, 2017

Afghanistan IELFS Income and Expenditure & Labor Force Survey 2020

Bangladesh HIES  Household Income and Expenditure Survey 2000, 2005, 2010, 2016, 2022
Bangladesh  LFS Labor Force Survey 2005, 2010, 2013, 2015, 2016, 2022
Bhutan BLSS  Bhutan Living Standards Survey 2003*, 2007, 2012, 2017, 2022
Bhutan LFS Labor Force Survey 2018, 2019, 2020, 2022

India IHDS  India Human Development Survey 2005%, 2011*

India NSS National Sample Survey 1993, 2004, 2009, 2011

India HCES Household Consumption Expenditure Survey 2022

India EUS Employment and Unemployment Survey 1983, 1987, 1993, 1999, 2004, 2005, 2007, 2009, 2011
India PLFS  Periodic Labor Force Survey 2017, 2018, 2019, 2020, 2021, 2022
Nepal NLSS  Nepal Living Standards Survey 1995*, 2003, 2010*, 2022

Nepal NPHC National Population and Housing Census 2011

Nepal LFS Labor Force Survey 1998, 2008, 2017

Pakistan HIES  Household Integrated Economic Survey 2007, 2010, 2011, 2013, 2015, 2018
Pakistan PIHS  Pakistan Integrated Household Survey 1991%*

Pakistan PSLM  Pakistan Social And Living Standards Measurement 2010, 2012, 2014, 2019

Sri Lanka HIES  Household Income and Expenditure Survey 1990, 1995, 2002, 2006, 2009, 2012, 2016, 2019
Sri Lanka LFS Labor Force Survey 1992-2021 bi-/annual

Note: Only surveys marked with * include direct questions on parental background. See table Al for survey waves used across the different outcomes.

The selection of the surveys is guided by national representativeness and the availabil-
ity of information on outcomes and circumstances.

Outcomes Three sets of outcomes are considered: (i) education, (ii) consumption and
(iii) labor market outcomes.

For the education set, we consider years of education and educational degrees, i.e.
primary, secondary and higher education.” Pooling across surveys does not raise issues,

4The pseudo-panel methodology treats all surveys as independent random samples, which allows to
compare the outcomes of the same birth cohorts longitudinally, as each cohort is presumed to enjoy the
same property. Using pseudo panels allows us to control for the age effect as we observe a given cohorts
at different ages across the lifecycle. Two main issues arise: (i) a limited sample size issue for the earliest
and most recent cohorts as they are observed in few cross-sections (i.e., at minimum two) and resulting
from this (ii) the full (working) lifecycle being only observed for some cohorts (i.e., those born in the
1960s and early 1970s) as the earliest surveys are from the 1990s such that cohorts born in the 1950s
are only observed when they are about 45 years or older and conversely, cohorts born in the 1980s are
only observed until the age of 40. Hence, older individuals are overrepresented in the earliest cohorts
(1950s), just as younger individuals are overrepresented in the most recent cohorts (1980s). This age
distribution imbalance could bias estimates of lifetime outcomes. To mitigate this concern, we restrict
our consumption and labor market analysis to individuals aged 35-54, ensuring cohorts are compared
at similar life-cycle stages. Table A10 demonstrates that IOp estimates remain stable across age groups
within this range for Bangladesh, suggesting limited life-cycle bias in our IOp trends.

5We also considered “literacy” and this outcome follows the pattern of primary education. However,



given that we observe individuals at an age where they completed their education and
educational attainment does not change afterwards.®

For consumption (the ultimate economic welfare indicator), we draw on household
level outcomes in order to account for resource sharing. This is particularly relevant
in emerging economies as female participation in formal labor markets tends to be low
(Cubas et al., 2016). However, considering household level outcomes impedes the detec-
tion of gender induced differences in economic well-being (i.e., gender is not included in
the IOp estimates for consumption).” Our outcome of interest is per capita household
consumption expenditure, i.e., we assume a proportional intra-household distribution of
consumption and zero economies of scales in consumption (Brunori et al., 2019a).> When
regarding inequality in per capita consumption, within household inequality is overlooked
as the same consumption is attributed to every member of the household, therefore un-
derestimating the real extent of inequality existing at the individual level. Household
consumption encompasses both food and non-food goods. Pooling across surveys poses
the issue of comparability of monetary values across time. Therefore, we harmonize mon-
etary outcomes by adjusting for inflation to base year 2010 via the IMF’s consumer price
index (CPI) and enhance on the World Bank’s South Asia Regional Micro Database
(SARMD) internal harmonization across survey waves.’

For the labor market set, we investigate the different layers of labor market success,
i.e., (1) labor force participation (LFP), (2) wage-employment and (3) wages. These
layers constitute a cascade of opportunities, i.e., participating in the labor market is the
prerequisite for wage-employment (defined as receiving a monetary compensation for the
work provided) and only those wage employees can receive a non-zero remuneration.'”
Hence, by conditioning the estimation sample for (2) and (3) and those prerequisites we
are able to trace out the impact of circumstances across those different stages of the
labor market. Wages are measured as the monthly monetary remuneration associated
to an individual’s main employment. Like consumption, wages exhibit the same issue
of comparability of monetary values across time and also adjusted CPI. We build on the
World Bank’s Global Labor Database (GLD) and World Bank’s South Asia Region Labor
Force Surveys (SARLAB) internal harmonization across surveys.

Circumstances Circumstance characteristics are subject to the constraint of data avail-
ability which varies across countries and time. Given the absence of directly collected
information on parental background (table 1), we are limited to a set of basic circum-
stances, i.e., sex, urbanity of residence, geographical region of residence and demographic

given potentially inconsistent and misleading definitions of the associated survey question (e.g., measuring
the ability to read a sentence and write one’s name versus full ability to read texts and communicate in
written form), results on literacy are not reported.

6The sample is restricted to individuals aged 21 or more. Extending this restriction to age 25 does
not alter results, but limits sample size and the feasibility of the analysis for younger cohorts.

"Including gender as a circumstance for household-level consumption would require comparing male-
headed versus female-headed households, which masks intrahousehold gender disparities and thus sys-
tematically underestimates gender’s role in shaping opportunities (Brunori et al., 2019a).

8Using the equivalent scale (e.g., Hufe et al., 2022b), i.e., adjusting via the square-root of household
members, does not alter the results.

9For pooling, we scale the survey-specific weights to sum to the total number of respondents: w; ; =
;;7;9 * ng where wf’;g is the original weight and ng is the survey-specific sample size. The exclusion of
survey weights is checked without notable changes to the results.

OTncome is consistently only reported on the household level (and only for a small subset of surveys)
which prohibits an IOp estimation encompassing gender.



group, to accomplish comparability of IOp estimates across countries and allow for pool-
ing across surveys. Therefore, our IOp estimates are a lower bound as we cannot account
for parental background (i.e., an important contributor to IOp).!

For geographical region, we use common cultural and administrative divisions at which
the data is representative. The number of regions varies by country, ranging from 4 to
9 (see table A4). Urbanity and geographical region of residence is used as proxy for the
associated status at birth (e.g., Singh, 2012; Ferreira et al., 2018). As a subset of surveys
provides both locations, the current and the one at birth, we are able to validate this proxy
usage by estimating intra-country migration (table A5). Demographic group corresponds
to a composite variable which comprises caste (India and Nepal), religion (Bangladesh,
India and Nepal), language (Pakistan) and ethnicity (Sri Lanka) and which is shaped by
country-specific relevance and data availability (see table A6).

Sampling Frame The different outcomes require differing sample restrictions to ensure
the representativeness of the population with non-missing circumstance information.

For educational outcomes, we only consider individuals aged 21 or more in order
to ensure that educational careers could potentially have advanced to higher education
such that we can capture educational inequality to the largest degree possible (Asher
et al., 2024). To limit the influence of outliers and for consistency with the imposed age
restriction as well as varying top-coding across surveys, we top-code years of education
at 16 years.

For consumption estimates and labor market outcomes, we restrict our sample to
individuals aged 35-54 to limit life-cycle bias,'? i.e., while consumption and wages tend
to increase along the life-cycle, their level in the mid-30s is already a good predictor
of lifetime outcomes (Haider and Solon, 2006).' Hence, this sample restriction ensures
sufficient labor market experience and focuses on ages after the initial childbearing period,
when female LFP patterns are more stable.'*

4 The Puzzle of Progress: Divergent I0p Trends

Inequality of opportunity is pervasively high across South Asia, with circumstances ex-
plaining substantial shares of inequality across education, consumption, and labor market
outcomes. Yet beneath these consistently high levels lie sharply divergent trends across
outcomes and over time. KEducational opportunities improved significantly for cohorts
born from the 1950s through the 1990s, with IOp in education declining substantially
in most countries as primary schooling expanded. However, consumption IOp remained
stubbornly persistent—showing at best modest improvements despite these educational

HGee section A.2 for a detailed analysis of the impact of parental education on IOp. Using coresident
samples where parental education is observable, we find that parental background accounts for approxi-
mately 50% of educational IOp in most countries for recent cohorts. The trends in parental background’s
importance vary across countries—increasing in Bhutan, Nepal, and Pakistan as the margin of inequality
shifted to secondary education, while declining somewhat in India and Sri Lanka. These patterns suggest
that excluding parental background does not systematically bias our trend estimates in one direction.

12Gee footnote 4 for its connection to the data limitations of the pseudo-panel.

13Cross-sectional estimates for consumption presented in section 1 are based on individuals aged 18 or
older to foster comparability with the used external sources.

1We test for the impact of our sampling age choice on our estimates by following Bussolo et al. (2023)
in providing estimates based on subgroups of 5-year age intervals for a given birth cohort (see table A10).
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gains. This divergence between educational progress and consumption outcomes con-
stitutes a notable puzzle in South Asian development. A plausible explanation lies in
the labor market: IOp in labor force participation remained as persistently high as con-
sumption IOp, revealing that educational progress did not translate into improved labor
market access. This broken transmission mechanism—from educational inputs through
labor market outcomes to consumption outputs—may explain why decades of educational
expansion left consumption opportunities largely unchanged. The following subsections
document each finding in turn, before section 5 examines the underlying mechanisms.

4.1 1Op Is Pervasively High across All Dimensions

Inequality of opportunity is substantially high across South Asia, with circumstances ex-
plaining up to 50% of inequality in education, consumption, and wages in most countries.
Table 2 presents our cross-sectional snapshot from the most recent available surveys, re-
vealing the extent of unfair inequality across five outcome dimensions for seven countries.
These estimates represent lower bounds—actual IOp would be higher if we could observe
all relevant circumstances beyond our limited set (gender, region of birth, rural/urban
location, and demographic group; with parental education not being available for recent
cross-sections).

Education. Despite strong heterogeneity in total educational inequality—ranging
from Sri Lanka’s Gini of 0.21 to Afghanistan’s 0.79—the share attributable to circum-
stances is consistently high, at 50%-67% across all countries. Even in Sri Lanka, where
nearly universal basic education has been achieved, circumstances still explain 52% of
the remaining Inequality in educational attainment. Nepal and Bhutan exhibit the high-
est education 10p (62% and 67%, respectively), reflecting severe disparities in access to
schooling across regions and demographic groups.

Consumption. Total consumption inequality is more moderate (Gini 0.26-0.38) and
more uniform across countries than educational inequality. However, the share of this
inequality attributable to circumstances varies substantially: Afghanistan (60%), Pakistan
(46%), and India (43%) exhibit IOp levels above 40%, while Bangladesh (35%), Bhutan
(28%), and Nepal (30%) show somewhat lower—but still substantial—levels. Sri Lanka
again stands as a regional outlier, with both the highest total consumption inequality
(Gini 0.38) and relatively high I0p (36%), suggesting that even its historically strong
educational system has not translated into equal consumption opportunities.

Labor markets. The structure of labor market outcomes reveals escalating barriers.
Labor force participation (LFP) shows high segregation across circumstances, with D-
Indices ranging from 9 (Bhutan) to 29 (Pakistan). The major disparity-creating barrier
sits at labor market entry. Once individuals participate, circumstances matter less for
accessing formal employment but resurface as strong determinants of earnings. This
pattern is particularly striking, as it points to labor market entry—mnot subsequent market
dynamics—as the critical barrier to equal opportunity.

Labor force participation segregation is strongly gendered. Female labor force par-
ticipation averages only 32% across the region (World Bank, 2024b) and remains stub-
bornly low across cohorts despite dramatic improvements in female educational attain-
ment. Afghanistan, Nepal, and Pakistan exhibit particularly low overall LFP (below 60%)
coupled with high segregation. The D-Indices of 9-29 imply substantial disparities.!> For

15The D-Index ranges from 0 (no segregation) to 1 (complete segregation), with values above 0.20
generally indicating high segregation. The index measures the population-weighted average distance of
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instance, Pakistan’s D-Index of 0.29 with mean participation of 59% implies types’ partic-
ipation rates ranging from roughly 30% to 88%), while India’s D-Index of 0.17 with mean
participation of 72% implies types’ participation rates ranging from approximately 0.55%
to 89%.

Among labor force participants, access to wage employment—the more formal, typi-
cally better-remunerated segment—shows moderate but persistent segregation. The share
of participants receiving wages ranges from 18% (Afghanistan) to 57% (Sri Lanka), with
D-Indices for wage employment access ranging from 0.06 to 0.29. Notably, wage employ-
ment segregation is highest where such employment is scarcest (Afghanistan, Bhutan),
suggesting that scarce formal jobs are captured by advantaged groups.

Finally, among wage employees, circumstances explain 35%-69% of wage inequality,
with particularly high IOp in Sri Lanka (69%), Pakistan (60%), and India (54%). Only
Afghanistan and Nepal show lower wage IOp (35% and 46%), though data limitations in
these countries warrant caution in interpretation.

Regional patterns. The pervasiveness of high IOp across dimensions and countries
is the dominant pattern. Yet meaningful variation exists. Sri Lanka exhibits relatively
moderate education IOp (52%) alongside comparatively elevated consumption (36%) and
wage 1Op (69%), suggesting that while educational access is relatively equalized, labor
market discrimination and other factors maintain consumption inequality. Afghanistan
and Pakistan show uniformly high IOp across all dimensions, indicating deeply entrenched
structural barriers. India exhibits less moderate IOp in education (59%) and consumption
(43%) but high wage IOp (54%), while Bangladesh shows the reverse pattern—relatively
high education I0p (61%) but moderate consumption IOp (35%). These differences mat-
ter for understanding mechanisms, as we explore in section 5.

For now, the key finding is clear: across diverse contexts and outcomes, circumstances
explain at least one-third and typically one-half or more of observed inequality in South

Asia.

type-specific outcomes from the overall mean, scaled by the mean. See section 2 for the formal definition.
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Table 2: Snapshot: Inequality & IOp across Outcome Dimensions

Education Consumption LFP Wage Emp. Wages

Country Gini IO0p Gini IOp Share IO0p Share I0p Gini 1O0p
Afghanistan  0.79 0.54 0.32 0.60 058 0.27 0.18 0.27 0.36 0.35
Bangladesh  0.48 0.49 0.32 035  0.63 0.25 046 0.10 0.39 0.48

Bhutan 0.61 0.66 0.29 028 083 0.09 036 0.29
India 0.44 0.59 0.26 043 0.72 0.17 044 0.14 046 0.54
Nepal 0.52 0.62 0.30 030 048 0.18 049 0.09 0.29 0.46

Pakistan 0.59 0.50 0.32 046 059 0.29 056 0.09 0.42 0.60
Sri Lanka 0.22 0.52 0.38 0.36 0.68 0.19 0.57 0.06 0.37 0.69

Note: For various outcomes, the table reports inequality (Gini coefficient or population share for
binary variables) and inequality of opportunity (IOp) calculated using data from the latest available
cross-section. The outcomes include: years of education (Education), household consumption per
capita (Consumption), labor force participation rate for individuals aged 35-54 (LFP), share of par-
ticipants who are receiving a monetary remuneration (a wage) for their work (Wage-Employment),
and the wages of those wage-employees (Wages). Note, to obtain the overall share of wage employ-
ment, one needs to multiply the share of the wage employment by that of LFP, e.g., the share of
wage employment with respect to the population of 35-54 years of age in India is equal to about 30
percent (0.31 = 0.44 x 0.72). See figures A5 and A1l for comparison of total consumption inequality
and LFP with World Bank and ILO estimates.

Source: Own calculations based on data from the most recent year of the harmonized surveys; note
that, for some countries, the most recent year can be different across outcomes (see table Al).

4.2 Educational Opportunities Improved Dramatically

We track changes in IOp of educational attainments, labor market and consumption out-
comes with pseudo-panel analysis, following birth cohorts from those born in the 1950s
through those born in the 1990s.'® Educational opportunities improved substantially
with IOp in education declining in all countries as primary schooling expanded. Fig-
ure 2 depicts the levels of total educational inequality (Gini) and relative IOp across
cohorts. Figure 3 focuses specifically on primary education completion rates and their
associated IOp trends, showing the dramatic expansion of basic schooling. Figure 4
presents educational IOp trends normalized to the 1950s cohort (=100) to facilitate com-
parison with consumption and labor force participation trends, revealing striking—though
heterogeneous—improvements across the region.

The magnitude of educational progress varies considerably by country. Bangladesh
experienced the most dramatic reduction, with educational IOp falling by 62% (from an
index value of 100 for the 1950s cohort to 38 for the 1990s cohort). Bhutan followed with
a 54% decline (from 100 to 46). India’s reduction was more moderate at 28% (from 100
to 72), while Nepal and Pakistan saw declines of 23% and 26% respectively (reaching
77 and 74). Afghanistan showed a 13% reduction (to 87), while Sri Lanka’s educational
IOp remained essentially flat. These patterns reflect both initial conditions and policy

16Gee table A3 for the full set of estimates of IOp across cohorts and outcomes. Note, the levels of the
Gini coefficients and relative IOp of the cohort-based analysis (in table A3) differ from the cross-sectional
results presented in table 2 as the underlying populations are different, i.e., in the former the population
is only composed of people born in a certain period and observed in different years and ages, whereas the
latter encompass the full population in a given point in time. As a cross-section is composed of multiple
cohorts, some of the outcome dispersion captured in the cross-sectional estimates originates from the
disparities across cohorts, this explains why the cross-sectional inequality and IOp (table 2) are higher
than for cohorts (table A3).

13



Figure 2: Evolution Total Inequality and Relative IOp: Education & Consumption
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Notes: The figures depicts total inequality (solid) as measured by the Gini and relative IOp (dotted) as
share of total inequality attributable to circumstances across countries and cohorts for years of education
(blue) and household per capita consumption (red). Note for India, a change in survey methodologies
has taken place for consumption (see section A.1), such that estimates for younger cohorts are not fully
comparable to those of the older cohorts and, hence, are marked via dotted line.

Source: Own calculations based on harmonized survey data (table Al).

trajectories: countries starting with more severe educational disparities (like Bangladesh
and Bhutan) achieved larger proportional reductions, while Sri Lanka’s already-relatively-
equalized system left less room for improvement.

Behind these aggregate trends lie two key drivers. First, primary school enrollment
expanded dramatically across the region between the 1960s and 1990s, with gross enroll-
ment rates rising from around 50% to near-universal levels in most countries (figure 3).'7
This expansion disproportionately benefited groups previously excluded from education—

"Many countries in the region focused on improving education for their population as one of their
key post-independence goals. In 1950, article 45 of the Constitution of independent India directed the
state “to endeavour to provide, within a period of 10 years from commencement of the Constitution, for
free and compulsory education until [children] complete the age of 14.” and Ahmed and Govinda (2010)
write that “the constitutions of Bangladesh and Pakistan contain directive principles similar to those
in India, which fall short of making education a legally enforceable obligation of the state. In Nepal,
the post-monarchy Constituent Assembly, which has the task of drafting a new national constitution, is
considering a right-to-education provision.” References documenting policies expanding public education
in the region in the 1950-1980 period include Tilak (1989) for a cross-sectional study, Dreze and Sen
(1996) for the case of India, Ul Haq (1966) and Husain (2000) for Pakistan, Asadullah and Chaudhury
(2013) for Bangladesh, Little (2011) and Aturupane (2009) for Sri Lanka.
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Figure 3: Primary Education: Population Share and I0p
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Notes: The figure depicts across birth cohorts the share of individuals aged 21 years and older which
report to have completed primary education (i.e., at least 5 or 6 years of education depending on the
country; solid) and the IOp as measured by the D-Index (see footnote 3, dashed) for this binary outcome.
Source: Own calculations based on harmonized survey data (table Al).

particularly girls and rural populations—thereby reducing the role of circumstances in
determining educational attainment. Figure 2 illustrates how both total educational in-
equality and the share attributable to circumstances declined across cohorts as this ex-
pansion occurred. Second, the nature of educational inequality shifted. In older cohorts,
the key distinction was between having any education versus none; in younger cohorts,
with primary education increasingly universal, inequality centers on secondary and ter-
tiary attainment, where circumstance-based barriers remain significant but are less severe
than the historical exclusion from basic schooling.

The educational progress is real and substantial. Yet educational progress did not
translate into correspondingly reduced inequality of opportunity in consumption or labor
market outcomes, as the following sections document.

4.3 Consumption IOp Remained Stubbornly Persistent

While educational opportunities improved significantly, consumption IOp remained stub-
bornly high and largely unchanged across cohorts. The red lines in figure 4 track con-
sumption IOp trends (again normalized to 1950s cohort = 100), revealing at best modest
improvements despite the substantial educational gains documented above. This persis-
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tence of consumption IOp contrasts sharply with the educational progress documented
above.

Figure 4: Changes in IOp across Outcome Dimensions
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Notes: The figures depicts the relative evolution of IOp across countries, cohorts and outcome dimen-
sions, i.e., setting to 100 the IOp of the earliest birth cohort for which all outcomes are available for each
country, the index represents the change in percentage points with respect to the level of IOp of this co-
hort. Outcomes are years of education (blue), consumption per capita (red) and labor force participation
(violet). Note for India, a change in survey methodologies has taken place for consumption and, too a
lesser degree, for LEP (see section A.1), such that estimates for younger cohorts are not fully comparable
to those of the older cohorts and, hence, are marked via dotted lines.

Source: Own calculations based on harmonized survey data (table Al).

Three countries—Bangladesh, India, and Sri Lanka—exhibit relatively flat consump-
tion IO0p trends across cohorts, with index values hovering between 90-110 (representing
at most 10% changes from the 1950s baseline). Bhutan shows a modest decline of 15%,
still far smaller than its educational IOp reduction of 54%. Pakistan exhibits rising con-
sumption IOp, increasing by roughly 15-20% for cohorts born in the 1970s-1980s.®

This persistence is particularly puzzling because total consumption inequality has var-
ied substantially across countries and time periods. Some countries (notably Pakistan)
saw large reductions in total consumption inequality over this period, yet the share ex-
plained by circumstances remained high. This suggests that while overall living standards

18Note that when the estimations are based on the more flexible forest estimation (see figure A10) the
line for Pakistan is also flat (so the linear additive structure of the parametric approach does not hold
anymore, i.e., opportunity structure becomes more complex).
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and their distribution may have improved, the fundamental role of circumstances in de-
termining economic position remained largely unchanged.

This pattern points to the labor market as the critical transmission mechanism. The
next section examines whether circumstances continue to determine labor market access.

4.4 Labor Market Barriers Remained Entrenched

Labor force participation barriers persisted across cohorts with IOp remaining essentially
flat, even as educational attainment improved substantially. Figure 5 depicts this stagna-
tion across three labor market dimensions: participation, wage employment access, and
wages. The contrast with education trends is stark (figure 4): while education IOp de-
clined substantially in most countries (blue lines), labor force participation IOp remained
essentially unchanged across cohorts (violet lines), tracking consumption IOp rather than
education IOp.'*

The magnitude of labor market segregation is substantial and persistent. The D-Index
for labor force participation ranges from 22 to 33 for Bangladesh, India, and Pakistan—the
region’s largest countries by population. These levels remained mainly flat across cohorts
despite the dramatic improvements in educational attainment documented in the previous
section. The persistence is particularly striking given that educational credentials should
facilitate labor market access; if they did, we would observe declining participation IOp
as more people from disadvantaged backgrounds gained education.

The three dimensions of labor market outcomes reveal where barriers operate most
intensely. First, labor force participation shows the highest IOp, with the D-Index remain-
ing flat across cohorts for most countries—precisely mirroring consumption IOp trends.
Second, among labor force participants, access to wage employment shows moderate but
persistent segregation, with D-Indices ranging from 0.09 to 0.14 for most countries—
roughly half the level of participation IOp. The exceptions are Afghanistan and Bhutan,
where wage employment is scarce (below 40% of participants) and IOp is correspondingly
high (D-Index above 0.25). Third, among wage employees, circumstances explain 50%
or more of wage inequality in India, Pakistan, and Sri Lanka—IOp levels comparable
to or exceeding those for consumption. Pakistan experienced a large reduction in total
wage inequality across cohorts (Gini falling from 0.49 to 0.37), yet the share explained by
circumstances rose. Bangladesh saw reductions in both total wage inequality and 1Op,
while India and Sri Lanka exhibit stable wage inequality with persistent 10p.?

This pattern suggests where the transmission mechanism from education to consump-
tion may break down. Circumstances create substantial barriers at labor market entry,
regardless of educational attainment. The highest segregation occurs at the participation
stage—the initial entry to the labor market. Once individuals participate, circumstance-
based segregation in accessing formal employment is somewhat lower, suggesting some
degree of meritocratic selection within the labor market. However, among those who se-
cure wage employment, circumstances resurface as strong determinants of earnings. These

9LFP results are robust to alternative machine learning based estimation (Brunori et al., 2023), see
section A 4.

20These results about inequality of the distribution of wages should be taken cautiously, due to limita-
tions imposed by data gaps. For Pakistan and Bangladesh only short pseudo panels can be constructed
(8 and 11 years, mainly in 2010s). For India, the utilized labor force survey for the latest cohorts changed
in its structure and sampling, rendering the comparability of total inequality and IOp of wages with early
cohorts difficult. For Bangladesh and Sri Lanka a second data source is available which in both cases
suggests rather flat trends in IOp. See section A.1 for details on data sources and table A3 for all results.
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Figure 5: Evolution 10p of Labor Market Outcomes
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Notes: The figure depicts across birth cohorts for individuals aged 35-54 the IOp measures for the
different labor market outcomes: labor force participation (violet, D-Index), wage-employment (orange,
D-Index) and wages (yellow, relative IOp (Gini)) Note for India, a change in survey methodologies has
taken place (section A.1), such that estimates for younger cohorts are not fully comparable to those of the
older cohorts and, hence, are marked via dotted lines. Due to data limitations, the wage results should
be interpreted with caution (footnote 20). For comparison of total inequality and IOp across different
potential data sources see table A3.

Source: Own calculations based on harmonized survey data (table Al).

distinct patterns reflect different selection mechanisms operating at each stage: while en-
try to wage employment may depend more on credentials, wage determination within
employment remains shaped by occupational segregation, geographic differentials in job
quality, and discriminatory pay practices that vary systematically by circumstance (see
section 5.3 for direct evidence).

Gender plays a central role in these labor market barriers (as documented above),
though other circumstances matter as well (as we show in detail in section 5.3). One
plausible hypothesis is that if educational expansion disproportionately benefited groups
facing persistent labor market entry barriers—particularly women—this could create a
broken transmission mechanism: individuals gain education but cannot access employ-
ment, preventing educational achievement from translating into household consumption
gains. Such persistent labor market barriers, offsetting educational equalization, offer
one possible explanation for why consumption IOp failed to decline despite educational
progress. Section 5 investigates this and alternative hypotheses in depth.
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5 Mechanisms Explaining the Puzzle

The preceding section documented a striking divergence: substantial improvements in
educational opportunities accompanied by persistent inequality of opportunity in con-
sumption. This puzzle of progress demands explanation. Why did dramatic reductions
in education IOp—driven by expanding access to basic schooling—fail to translate into
commensurate reductions in consumption IOp?

We investigate three sequential mechanisms that together can explain this disconnect.
First, we show that educational expansion was concentrated at the bottom of the dis-
tribution, achieving near-universal primary completion while progress at secondary and
tertiary levels lagged (Section 5.1). This bottom-heavy pattern matters because, as we
demonstrate in the second mechanism, labor markets exhibit strongly convex returns to
education, with primary schooling yielding minimal returns while secondary and higher
education generate substantial gains (Section 5.2). The combination of these two fac-
tors—expansion at low-return levels—provides a partial explanation. However, the third
mechanism proves decisive: even controlling for educational attainment, labor market ac-
cess remains powerfully determined by circumstances, particularly gender (Section 5.3).
Using Shapley decompositions and opportunity growth incidence curves, we show that
while gender’s contribution to education IOp fell sharply across cohorts, its contribution
to labor force participation IOp remained constant or increased. This persistent discrim-
ination in the labor market, especially affecting women despite their educational gains,
constitutes a primary barrier that prevents educational progress from translating into
consumption gains.?!

21 An important methodological consideration must be addressed. While educational and labor market
outcomes are observed at the individual level, consumption is measured at the household level, i.e., all
individuals who are members of the same household will have the exact same per capita consumption.
Husband and wife, no matter how different they are in terms of their individual earnings, education, or
circumstances, will be assigned the same consumption. Erasing inequality between household members
biases downward the total inequality and precludes the inclusion of gender as a circumstance, despite its
critical role in shaping opportunities in South Asia. In part, this difference between genuine individual
observations versus individualized household observations can already explain the different trends between
total inequality and IOp of education and labor markets versus consumption. Specifically, as shown in
more detail below, if improvements in educational and labor market IOp are predominantly driven by
closing the gender gap in opportunities, such progress will be masked or entirely absent in consumption
IOp. This occurs because the equal assignment of per capita consumption effectively eliminates the
measure of gender disparity in consumption, thus leaving no gender gap to close. Obviously, if all
members of the households were of the same type the differences in IOp assessed on genuine individual
observations versus IOp assessed on individualized observations would be minimized. This is probably the
case for certain circumstances, such as demographic groups or, to a lesser extent, the place of birth. So,
a reduction of IOp of education and of labor markets related to a lower relevance of these circumstances
should be also reflected in a commensurate reduction for the IOp of consumption. Note that changes
in the extent of assortative mating could impact such “accordance of circumstances” and also effort
(e.g., education) and apart from Bhutan and Nepal no notable increases in the correlation between
the educational attainment of household head and spouse can be found (figure A2). Thus, while we
cannot achieve full comparability of circumstance sets across outcome domains due to the exclusion of
gender from consumption IOp, the high and stable assortative mating implies that spouses typically share
the non-gender circumstances we do observe (region, urbanity, demographic group). For these shared
circumstances, comparisons of IOp trends across domains remain valid.
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5.1 Bottom-Heavy Educational Expansion

Given the inverse relationship between primary education coverage and primary education
IOp shown in figure 3, it is highly plausible that investments to expand primary education
coverage drove the overall equalization documented in section 4.2. However, such bottom-
concentrated expansion—achieving minimum years of education for all—may coexist with
persistent disparities at secondary and higher levels. This distinction matters because, as
we show in section 5.2, these higher educational levels are most salient for labor market
outcomes.

Before proceeding, we note an important interpretational caveat. At primary edu-
cation ages, children have limited meaningful agency, which complicates the standard
(Roemer, 1998) framework that distinguishes ”circumstances” (factors beyond individual
control) from ”effort” (factors within individual responsibility). As Kanbur and Wagstaff
(2016) observe, for outcomes determined during childhood, within-type variation likely
reflects unobserved circumstances (parental decisions, school quality, household shocks)
rather than individual effort. Our IOp measures should therefore be interpreted as cap-
turing circumstance-based barriers to access—quantifying how strongly observable char-
acteristics predict educational attainment—rather than strict partitions between fair and
unfair inequality. This interpretation aligns with the D-index’s origins in segregation
measurement (footnote 3). Critically, the same methodology applied consistently across
educational levels allows valid comparisons of where circumstance-based barriers declined
most.

Figure 6: Evolution of Education Stocks across Cohorts
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Notes: The figure depicts for each cohort its educational attainment shares across three levels of education: (i) no formal
education/below primary education (darkblue), (ii) primary education and below upper secondary (i.e., at least 5 years of
education, steelblue) and (iii) upper secondary and higher education (i.e., at least 12 years of education, darkblue).
Source: Own calculations based on harmonized survey data (table Al).

Figure 6 documents the scope of educational expansion across the distribution by
depicting each cohort’s educational attainment shares across three levels: (i) no formal
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education or below primary (less than 5 years, dark blue), (ii) primary through lower
secondary (5-11 years, steel blue), and (iii) upper secondary and higher education (12+
years, light blue). The figure reveals substantial cross-country differences in initial edu-
cational stocks for the 1950s cohorts, consistent with the varying levels of total education
inequality shown in figure 2. The share of individuals with less than primary education
ranges from around 90% in Afghanistan to approximately 30% in Sri Lanka, while the
share with upper secondary or higher education varies from near zero in Afghanistan and
Bhutan to about 20% in Sri Lanka.

Across all countries, the dominant trend through the 1980s cohorts is the massive re-
duction in the share without formal education, matched by corresponding increases in the
primary /lower secondary category. However, the share achieving upper secondary and
higher education grew much more slowly. In Afghanistan, Bangladesh, Bhutan, Nepal,
and Pakistan, fewer than 20% of even the 1985-89 cohort completed upper secondary
education. Only India and Sri Lanka show more substantial progress at higher levels,
though even there the pace lags far behind primary expansion. This pattern—rapid con-
vergence at the bottom, slow progress at the top—suggests that educational equalization
primarily reflects achievement of basic education for previously excluded groups rather
than broad-based advancement across all levels.

If IOp declined primarily through expansion of low educational levels while disparities
persisted at higher levels, we should observe differential IOp trends across educational
outcomes defined at different points in the distribution. Figure 7 tests this hypothesis by
comparing [Op trends for three measures of educational attainment: (i) years of education
(dark blue line, as in figure 2), (ii) completion of at least primary education (steel blue
line), and (iii) completion of at least upper secondary education (light blue line).? To
facilitate comparison across outcomes with different baseline IOp levels, we index each
series to 100 in the 1950s cohort.

The results confirm the bottom-heavy nature of equalization in circumstance-based
educational barriers. Our measure of circumstance-based segregation in primary comple-
tion fell dramatically in most countries between the 1950s and 1990s cohorts—observable
characteristics became far less predictive of whether individuals completed primary school.
In contrast, circumstance-based barriers to upper secondary completion declined far more
modestly. Sri Lanka’s pattern is particularly consistent with the bottom-heavy expansion
hypothesis. Despite having achieved relatively high primary coverage already in the 1950s
cohort (figure 6), circumstance-based barriers to primary completion continued to decline
sharply while barriers to upper secondary completion fell more modestly and overall ed-
ucational IOp (years of education) remained relatively stable. Similarly, IOp in primary
schooling decreased more rapidly than IOp in upper secondary schooling in Bangladesh,
Bhutan, India, and Nepal, while there was little difference only for Afghanistan and Pak-
istan (since these countries experienced lower improvements in basic education coverage).

The bottom-heavy pattern of educational expansion has direct implications for un-
derstanding our puzzle. If labor markets primarily reward secondary and higher educa-

22For the binary outcomes (primary completion and upper secondary completion), IOp is measured
using the dissimilarity index (D-index) as defined in equation (2). For years of education, we use the share
of the Gini coefficient attributable to circumstances. While these measures are not directly comparable
in absolute terms, their relative trends within each series are informative. Note that for child outcomes
like primary completion, our measures represent lower bounds on ”true” IOp in the Roemer sense, since
within-type variation among children likely reflects unobserved circumstances rather than effort (Kanbur
and Wagstaff, 2016; Ferreira, 2014). The comparative analysis across educational levels remains valid as
the same methodology is applied consistently.
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Figure 7: 10p in Education: Years vs. Primary vs. Upper Secondary
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in years of education that can be attributed to circumstances and for the binary outcomes (ii) and (iii)
the D-Index is used (see footnote 3).

Source: Own calculations based on harmonized survey data (table Al).

tion—as we demonstrate in section 5.2—then the concentration of equalization at primary
levels would naturally limit the translation of educational IOp reductions into labor mar-
ket and consumption gains. Moreover, if circumstances continue to strongly predict upper
secondary completion despite declining influence on primary completion (figure 7), then
labor market opportunities will remain unequally distributed even as circumstance-based
barriers to basic education are substantially reduced.

However, this mechanism alone cannot fully resolve the puzzle. Even if educational
gains concentrated at low-return levels, we should still observe some improvement in con-
sumption IOp if these educational levels provide any labor market returns. The persis-
tence of consumption IOp despite dramatic education IOp reductions suggests additional
barriers. The following sections examine these barriers: the convexity and differential
structure of returns to education (section 5.2), and most critically, persistent discrimina-
tion in labor market access that prevents even educated individuals from disadvantaged
groups from realizing returns (section 5.3).
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5.2 Convex Returns to Education

The bottom-heavy concentration of educational expansion documented in section 5.1
raises a critical question: to what extent do labor markets reward the educational levels
that became more accessible? We examine this question by estimating returns to ed-
ucation across three sequential labor market outcomes—labor force participation, wage
employment, and wages—to identify where in the labor market structure educational
credentials matter.

Our analysis proceeds in two steps. First, we document the presence and extent of
convexity in returns to education. Second, we examine whether these returns vary system-
atically across circumstances, testing for differential treatment in the labor market. Before
presenting these empirical results, we situate our analysis relative to existing frameworks
and address a key limitation regarding educational quality versus quantity.

Quantity versus quality. An important caveat to our analysis is that we measure
only educational attainment (years or degrees completed), not learning outcomes or skill
acquisition. Unequal quality of education may counteract the equalization in quantity,
such that increased years of schooling do not translate into commensurate improvements
in skills relevant for labor markets. Dundar et al. (2014) summarize that “South Asia has
made considerable progress in improving access to education but faces a major quality
challenge in primary and secondary education.” For the period 2000-2017, Angrist et al.
(2021) construct globally comparable learning scores covering 164 countries and find South
Asia exhibits the lowest regional average (330), below even Sub-Saharan Africa (342) and
far from the world average (469).

While these data do not directly measure inequality in learning outcomes, the substan-
tial learning gaps they reveal suggest that even if IOp in secondary educational attainment
were eliminated, the divergence between education and labor market IOp trends would
likely persist. The case of Sri Lanka is illustrative: despite early progress in expanding
educational access, the country faces critical challenges in educational quality and labor
market relevance (Dundar et al., 2014, 2017).?> We proceed with our analysis of returns
to educational quantity while acknowledging this important limitation.?*

Conceptual framework: Convexity and the puzzle of progress. Recent cross-
country research on educational expansion and income inequality provides a useful con-
ceptual starting point. Bourguignon et al. (2005), examining country case studies from
the 1970s-90s, identified a paradox of progress: when returns to education are convex,
educational expansion can increase income inequality even while increasing mean educa-
tion levels and reducing educational inequality. Their core insight is that higher-educated
individuals gain disproportionately from convex returns, such that only substantial equal-
ization in the distribution of education itself can offset this convexity-driven inequality
increase.

Our analysis differs in both the outcome examined and the observed pattern. We
examine inequality of opportunity—the share of total inequality attributable to circum-

Z3For example, the persistent quality gap between the highly selective GCE Advanced Level (Collegiate)
system and the lower quality of instruction in remote or estate sector schools (Dundar et al., 2017).

24]deally, one would measure returns to learning outcomes rather than years of schooling, but our
data do not permit this analysis. To the extent that educational quality varies systematically with
circumstances—with disadvantaged groups receiving lower-quality schooling—our estimates of convexity
may understate the true barriers to translating educational access into labor market gains.
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stances—rather than total inequality itself. More critically for the convexity mechanism,
educational expansion in South Asia concentrated at the bottom of the distribution (sec-
tion 5.1), moving individuals from no education to primary completion while progress at
secondary and tertiary levels lagged. When expansion occurs along the flat, low-return
portion of a convex returns curve, convexity does not predict rising income inequality.
Instead, it suggests that such bottom-concentrated expansion will have limited effects on
income inequality, precisely because marginal returns to primary education are low.

Our puzzle emerges from a different pattern: educational IOp declined dramatically
while consumption IOp remained persistently high, despite relatively stable total con-
sumption inequality. Convexity of returns helps explain why educational equalization
focused at low-return levels fails to translate into reduced consumption inequality. How-
ever, it leaves open the question of why IOp in consumption persists when IOp in educa-
tion fell—if circumstances became less important for determining educational attainment,
why is it that they do not also become less important for determining consumption? To
address this question, we document two features of returns to education: their convexity
and their variation across circumstances.

Returns to education across labor market stages. We estimate returns to educa-
tion by regressing labor market outcomes on years of education (with quadratic term), age
controls, and circumstances, allowing all coefficients to vary by birth cohort. Formally,
for country ¢ and birth cohort b:

1 2 2
outcome;y, = E D <acb + Bpeduciy, + B educy,
b

(3)

+ 5CbCircicb> + %lbageicb + ’yfbageizb + €ich

where ¢ indexes individuals, D, are cohort dummy variables, and all regressors, except
age polynomials, are fully interacted with cohort dummies such that each coefficient
varies by cohort. The oldest cohort serves as the baseline, and regressions are pooled
across cohorts within each country.?” For labor force participation and wage employment
(binary outcomes), we estimate equation (3) via a linear probability model regression.
For wages, we use OLS on log wages. The quadratic specification allows for non-linear
returns, capturing potential convexity.

Figure 8 presents the predicted returns to education by years of educational attainment
for the oldest (1950s) and youngest (1980s) cohorts across outcomes. The figure plots the
predicted change in outcomes for individuals with different years of education compared
to individuals with no formal education, holding other variables constant.?

We examine convexity across all three labor market outcomes—participation, wage
employment, and wages—because educational barriers may operate sequentially through
the labor market structure. If educational expansion concentrated at levels with low labor

25For testing the significance of coefficient changes across cohorts, we estimate the pooled specifica-
tion with all regressors interacted with cohort dummies and test the interaction coefficients. Complete
regression results are reported in tables A11 to A13.

26For labor force participation (LFP, violet) and wage employment (orange), predictions represent
differential probabilities of participation/employment. For wages (yellow), the predicted change in
log(wages) is rescaled by the cohort’s median wage level for visual comparability across countries. Com-
plete regression results appear in table A11 (LFP), table A12 (wage employment), and table A13 (wages).
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market returns, while access to high-return education remained restricted for disadvan-
taged groups, this pattern should manifest not only in wage determination but also in
selection into labor force participation and access to formal employment. A finding of
convex returns only at the wage stage would suggest education equalizes market entry
but not earnings conditional on entry. Conversely, convexity across all three outcomes
would indicate that marginalized groups gained access primarily to education levels in-
sufficient for overcoming barriers at any stage—from initial participation through formal
employment to earnings.

Figure 8: Labor Market Returns to Education
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Source: Own calculations based on harmonized survey data (table Al).

Several patterns emerge. First, returns exhibit substantial convexity across all three
outcomes in most countries, though the extent varies considerably. For labor force partic-
ipation, educational returns are limited and often materialize only at higher educational
levels. In several countries (Afghanistan, Bangladesh, Pakistan), individuals with 5-8
years of education show little to no higher probability of labor force participation com-
pared to those with no education. Only at 10+ years does a positive association emerge,
and even then it remains modest in most countries except Bhutan and Sri Lanka in recent
cohorts.
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For wage employment, convexity appears more pronounced, particularly in Afghanistan
and Nepal, which are characterized by especially low wage employment shares (below
25% of the labor force; see table A3). In these settings, wage employment appears nearly
unattainable for those with less than primary education—in Afghanistan and Bhutan for
the 1950s cohort, the predicted probability of wage employment is more than 50 percent-
age points higher for those with upper secondary education than for those with less than
primary education, while the latter group has only a 7%-9% baseline probability of wage
employment.

For wages, convexity in the 1950s cohorts appears more limited in Bangladesh and
India, while it is more pronounced in Pakistan and Sri Lanka. This cross-country variation
may reflect differences in labor market structure and the prevalence of formal sector
employment (see table A3 for cross-country comparisons).

Second, returns to education generally diminished across cohorts while simultaneously
exhibiting slight intensification of convexity. This pattern—declining levels but steeper
curvature—appears across most countries and outcomes. The exception is Sri Lanka,
which exhibits slightly increasing and less convex returns to education for the youngest
cohort, a pattern that coincides with that country’s higher and increasing wage 10p (fig-
ure 5). Further, a notable association between education and labor force participation
emerges only in the latest cohorts for Bhutan and Sri Lanka, countries that differ sub-
stantially in their development trajectories and labor market structures.

The South Asian pattern thus differs from the case studies examined by Bourguignon
et al. (2005) in important respects: (i) educational expansion focused strongly on pro-
viding basic education to all, precisely the range of education with limited labor market
returns, and (ii) declining levels of returns have curtailed potential inequality-augmenting
effects that might otherwise have resulted from expanded educational opportunities. Sri
Lanka represents the case closest to Bourguignon’s framework—overall educational expan-
sion (not an expansion concentrated at lower levels, given the coverage of basic education
already substantial in early cohorts, figure 6) combined with convex (and slightly in-
creasing) returns to education for wages (figure 8, yellow lines, with the 1980s line above
that of the 1950s)—vet it experienced declining rather than rising wage inequality across
cohorts (table A3). However, Bourguignon’s framework focuses on returns to earnings
conditional on employment, without considering access to employment itself. When we
examine returns to education for accessing wage employment (figure 8, orange lines), we
observe substantially lower returns in the 1980s cohort: wage jobs became less education-
dependent. This weaker selection mechanism may have contributed to reducing overall
wage inequality through a composition effect—expanding the pool of wage workers to in-
clude more medium-educated individuals—even as returns to education for wages slightly
increased.?”

These findings suggest that the combination of bottom-concentrated educational ex-
pansion (section 5.1) and convex returns substantially limits the potential for educational
gains to translate into labor market gains. However, even these limited returns might
reduce consumption IOp if they accrued equally across types. The next section exam-
ines whether labor markets reward equally educated individuals equally, or whether cir-
cumstances continue to predict labor market outcomes even controlling for educational
attainment.

27Clearly, Sri Lanka’s declining wage inequality may be driven by additional factors such as wage
compression policies, sectoral shifts, and other labor market institutions that may have operated alongside
these educational dynamics.
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5.3 Persistent Discrimination in Labor Market Access

A critical question remains: among individuals who attained similar educational levels, did
they gain similar labor market access? If educational expansion equalized opportunities
to obtain credentials, did it also equalize the labor market returns to those credentials?

To address this question, we examine labor market outcomes within bins of equally
educated individuals. This approach isolates discrimination—differential treatment in
the labor market that cannot be explained by educational differences—from the returns-
to-education mechanism documented above. We find that circumstances, particularly
gender, continue to powerfully predict labor market access even controlling for educational
attainment. This persistent discrimination, we argue, represents a fundamental barrier
preventing educational progress from translating into consumption gains.

Differential returns by circumstances. While the IOp measures in Section 4 (fig-
ure 5) follow Roemer (1998)’s conception that all outcome inequality arising from circum-
stances is unfair—including inequality mediated through educational attainment—we now
suppress educational differences to test whether labor markets reward equally qualified
individuals equally.

We group educational degrees by their importance for educational expansion and labor
market returns into three mutually exclusive categories: (i) no education or below primary
(less than 5 years), (ii) primary through lower secondary (5-11 years), and (iii) upper
secondary and higher education (124 years). These categories align with the educational
stocks analyzed in Figure 7 and capture meaningful thresholds in both educational policy
and labor market signaling.

To test whether these educational levels matter for labor markets and whether their

returns vary by circumstances, we estimate the following specification across countries (c)
and birth cohorts (b):

Outcome;p = Z D, (acb + BcleTimaryicb + beS econdary;eq
b
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where Primary;, and Secondary;y are indicators for the corresponding educational cat-
egories, each interacted with individual circumstances C’ircfcb (where j indexes the Ny
circumstances). The reference group is individuals without primary education. As with
equation (3), all regressors except the age polynomial are fully interacted with cohort
dummies, allowing coefficients to vary across cohorts.

This specification allows us to test two mechanisms simultaneously. The baseline co-
efficients (3!, %) capture average returns to each education level relative to having no
education—confirming (or refining) the convexity patterns documented in section 5.2.
The interaction coefficients (77, p’) test whether these returns vary systematically by cir-
cumstances, providing evidence of differential treatment. Significant 7/ and p’ coefficients
establish that equally educated individuals experience different labor market outcomes de-
pending on their circumstances—for instance, a significant 77 would indicate that females
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with primary education face different labor force participation probabilities than males
with the same education level.

Figure 9: Returns to Education by Degree: Primary vs. Upper Secondary
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line) and secondary or higher education (dotted line). See tables A14 and A15 for full regression results.
Source: Own calculations based on harmonized survey data (table Al).

Figure 9 presents the baseline coefficients 3! and 32 for labor force participation and
wage employment across cohorts.?® These coefficients confirm the returns patterns doc-
umented in section 5.2: limited returns to primary education and substantial returns to
secondary education, with the gap between them (convexity) persistent across cohorts.
For labor force participation, primary education provides negligible benefits—the differ-
ential probability of participation ranges from -0.07 to +0.08 across countries in recent
cohorts (and it is often statistically equal to zero). Secondary and higher education shows
stronger associations, though these remain modest in many countries (differential proba-
bilities of 0.05-0.15) and have generally declined across cohorts.

For wage employment, the pattern is more pronounced. Primary education again
yields minimal benefits (differential probabilities typically below 0.10), while secondary

Z8We focus figure 9 on labor force participation and wage employment rather than wages for two
reasons. First, these outcomes represent the primary barriers to labor market access—the mechanism
linking education to consumption. Second, wage data quality concerns (see footnote 20) limit reliable
estimation of differential wage returns. Figure 8 established wage convexity; here we test whether the
more fundamental barriers—participation and formal employment access—vary by circumstances.
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and higher education substantially increases access to wage employment. In line with
section 5.2, in Afghanistan and Bhutan for the 1950s cohort, individuals with secondary
education face more than 50 percentage points higher probability of wage employment
compared to those with less than primary education, who have only 7%-9% baseline
probability of wage employment. These patterns align closely with the continuous years-
of-education analysis (figure 8), confirming that binning education into policy-relevant
categories preserves the key features of the returns structure.?”

Figure 10 examines whether these returns vary by gender, plotting the interaction
coefficients m! and p! for females. For labor force participation (violet), the figure re-
veals no systematic gender differential in the already-limited association between primary
education and participation. The coefficients fluctuate around zero, suggesting that the
minimal returns to primary education (documented in Figure 9) accrue similarly to men
and women—both groups gain little labor market access from primary education. Similar
patterns are observed for the gender differential associated with secondary and higher ed-
ucation. While the baseline association between secondary education and labor force par-
ticipation is positive (Figure 9), the female-specific differential p! varies across countries
and cohorts. In some contexts (Bangladesh 1980s, Bhutan, India), secondary education
appears to increase female participation more than male participation, while in others
(Pakistan, Sri Lanka) the differential is negligible or negative. This heterogeneity likely
reflects country-specific norms around female labor force participation and the types of
employment opportunities available to educated women.

For wage employment (orange), the pattern is more consistent and striking. Apart
from the oldest cohort (1950-54), substantial differential returns to secondary and higher
education for females emerge across most countries. While women on average face lower
probabilities of wage employment, secondary educational attainment substantially reduces
this disadvantage. For example, in India’s 1950-54 cohort (aged 35-54 in surveys), the
average wage employment rate is 46 percent. Primary education increases this probability
only marginally (by 0.07, figure 9), but secondary education yields an increase of 0.29.
For women, secondary education provides an additional gain of 0.24 beyond the baseline
effect—meaning highly educated women achieve wage employment at rates comparable
to or exceeding equally educated men, despite facing substantial disadvantages at lower
education levels.

Notably, while the general returns to education for wage employment tend to de-
cline across cohorts (figure 9), the gender differential in secondary education returns re-
mains relatively stable or even strengthens (figure 10). For Bangladesh and Pakistan, we
even observe negative female differentials for primary education, implying that expanding
basic education among women does not translate into higher female wage employment
rates—the already-minimal returns to primary education are basically absent (or even
negative) for women.?"

In sum, the regression analysis demonstrates that equalization of education from the
bottom does not necessarily translate into comparable equalization in labor markets. The
fact that circumstances matter less for obtaining primary education represents impor-
tant progress and likely a necessary stepping-stone toward higher educational attainment.

29Due to data limitations noted in Section 3, wage employment estimates should be interpreted with
caution, particularly for Bangladesh where household survey data exhibit implausibly high female wage
employment rates (see figure A17 and figure A18 for data source comparisons).

30Figure A14 presents analogous results for urban differentials. We find stable urban premia for sec-
ondary and higher education, while the association between primary education and wage employment
appears more positive in urban areas only for Bhutan and Pakistan.
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Figure 10: Gender Differential in Educational Returns: Primary vs. Upper Secondary
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Source: Own calculations based on harmonized survey data (table Al).

However, primary education—where opportunity gains are concentrated—yields minimal
labor market returns. Secondary and higher education matters substantially for labor
markets, yet IOp for these levels declined much less (figure 7), and the returns themselves
vary systematically by circumstances, particularly by gender.

Labor market IOp within education bins. To quantify the extent of labor market
discrimination more directly, we group individuals with the same level of education into
“bins” and re-estimate IOp within these groups of equally educated individuals.®* This
measures unfair inequality that cannot be explained by educational differences—a con-
servative estimate in that it attributes only direct labor market discrimination, treating
education-mediated inequality as non-discriminatory even though educational attainment
itself reflects circumstance-based barriers.

Figure 11 compares IOp in labor force participation and wage employment for the
entire population (solid lines, as in figure 5) with IOp for the subset of individuals who

31Empirically, given the linear additive structure of our counterfactual estimation (equation (1)), this
is equivalent to measuring inequality in the predicted outcomes of equation (4) for a given education bin
and cohort.
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have completed secondary or higher education (dotted lines). Several patterns emerge.
For labor force participation (violet), IOp within the well-educated group is substantially
lower than IOp for the entire population. The difference is especially pronounced for
early cohorts (1950s), with IOp among the well-educated less than half that of the full
population in all countries except India. This suggests that educational attainment does
partially explain labor force participation disparities—those with similar (high) education
levels face more similar participation rates than the population as a whole.

Figure 11: Labor Market IOp by Education Level
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Source: Own calculations based on harmonized survey data (table Al).

However, two concerning patterns emerge across cohorts. First, the gap between full-
population IOp and within-education IOp narrows considerably for more recent cohorts.
By the 1980s cohorts, even among the well-educated, IOp in labor force participation
remains substantial (D-Index 0.10-0.20 in most countries). Second, and more troubling,
within-education IOp appears to increase or remain stable across cohorts, while full-
population I0p shows modest declines. This counterintuitive pattern suggests that cir-
cumstances count more for labor force participation among recent cohorts of educated
individuals than among earlier cohorts—despite higher education expanding across types
(as we show below in figure 14 and figure 15).

In a scenario without discrimination, labor markets should select individuals for par-
ticipation based on skills (proxied by educational attainment) rather than circumstances
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such as gender, region of birth, or demographic group. The persistence and even increase
of IOp within education bins signals that circumstances remain highly relevant for labor
market access, even among equally qualified individuals.??

For wage employment (orange), a similar though not identical story emerges. IOp in
wage employment is lower than IOp in participation across most countries, even when con-
sidering the entire active population. Apart from Afghanistan, Bhutan, and Nepal (where
wage employment shares are exceptionally low at 15%, 39%, and 22% respectively; see
table A3), D-indices range between 0.09 and 0.14, indicating more limited unfair dispar-
ities than for participation. This suggests the main barrier to labor market opportunity
operates at market entry—labor force participation—rather than in the transition from
informal to formal work. Once individuals are active participants, circumstances matter,
but to a lesser extent.

Within the bin of well-educated individuals, IOp in wage employment falls further,
to D-index values of 0.05-0.10 in most countries, and this within-education IOp remains
relatively stable across cohorts. Meanwhile, full-population estimates show slight declines.
The pattern suggests that wage employment discrimination persists but does not intensify
in the way participation discrimination does.??

Identifying persistent circumstances. Having established that labor market dis-
crimination persists even among equally educated individuals, we turn to identifying
which circumstances drive this persistent IOp. We employ a Shapley-value decomposition
(Shapley, 1953; Shorrocks, 2013) to allocate total IOp across individual circumstances.!

Figure 12 shows the Shapley decomposition of IOp in years of education. The height
of each column represents total IOp (consistent with figure 2), while the colored segments
indicate individual circumstances’ contributions. Gender (red) emerges as the dominant
driver of education IOp reduction. Except in Afghanistan, gender’s importance for ed-
ucational success declined drastically across cohorts. In the 1950s cohorts, being female
accounted for 30%-50% of education IOp across most countries; by the 1990s cohorts,
this contribution fell to 10%-25%. This reduction in gender’s contribution represents the
primary source of overall education IOp decline documented in section 4.

Spatial factors—urbanity (orange) and region of birth (blue)—also contribute sub-
stantially to education IOp, though their evolution varies by country. Bangladesh and

3210p for participation is markedly higher among the non-educated and primary-educated bins than
for the general population (results available upon request), implying that low educational attainment
amplifies the predictive power of non-merit factors. This observation aligns with the weak or negligible
returns to primary education documented above.

33 Afghanistan is characterized by particularly low wage employment share (0.15). In Bhutan and Nepal,
wage employment rates are also low (0.33 and 0.22, respectively), but for different reasons: Bhutan’s rate
reflects elevated overall labor force participation, while Nepal’s is partly a statistical artifact due to
survey data substantially overstating LFP (see figure A1l for data source comparisons and figure A12
for robustness checks across sample definitions).

34 Intuitively, the decomposition calculates each circumstance variable Cf ’s contribution to predicted
inequality as the reduction in inequality when C¥ is omitted from the prediction, averaged across all
possible combinations of circumstances that omit C¥ (Ferreira and Gignoux, 2014; Bjérklund et al.,
2012). Formally, let §; = g(C;) be the outcome predicted solely from circumstances C; = (C}, ..., CK),
and denote by I(:) the inequality index applied to predicted outcomes {g;}. The Shapley value for
circumstance k is: s, = 75 > [I({@i}x\x) — I ({Ji})], where the summation averages over all K! possible
orderings 7 in which circumstances enter the prediction, and Eszl sk = I({#:}). Such decomposition
should not be interpreted causally but provides an indication of relative importance (Ferreira et al., 2011).
Most circumstances are highly correlated, so individual contributions may be affected by multicollinearity,
though this does not affect the total IOp estimates.
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Figure 12: Decomposing 1Op in Years of Education by Circumstances
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Notes: The figure depicts the importance of the different circumstances for IOp in years of education
as obtained via a Shapley decomposition (footnote 34). While the hight of the columns represents the
extend of IOp as measured by the share of total educational inequality linked to circumstances, its colored
segments indicate the contribution of the corresponding circumstance to it.

Source: Own calculations based on harmonized survey data (table Al).

Bhutan exhibit notable reductions in the urban-rural divide’s contribution, while in other
countries spatial disparities remain relatively stable. Demographic group membership
(green) shows limited change in most countries, and in some cases (Nepal, Pakistan, Sri
Lanka) its contribution increases among younger cohorts, suggesting persistent or even
intensifying ethnic/caste-based educational disparities.

Figure 13 presents the analogous decomposition for labor force participation. The
contrast with education is striking. Gender (red) dominates labor force participation 10p
even more thoroughly than it dominated education IOp of the 1950s cohorts—accounting
for 50%-75% of total IOp in most countries and cohorts. Critically, gender’s contribu-
tion to participation IOp remains essentially flat or even increases slightly across cohorts
in most countries. This stability stands in stark contrast to gender’s sharply declining
contribution to education IOp.

Bangladesh provides a particularly clear illustration. Gender’s share of education 1Op
fell from approximately 40% (1950s cohort) to 15% (1990s cohort)—a dramatic reduction.
Yet gender’s share of labor force participation IOp remained constant at 60%-65% across
the same cohorts. Educational opportunities equalized between men and women, but
labor market participation opportunities did not.
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Urbanity and region show more varied patterns across countries for participation IOp,
but generally exhibit less dramatic changes than for education. Demographic group con-
tributions remain relatively stable. The overall picture is one of persistent circumstance
effects on labor force participation, particularly gender, despite substantial reductions in
circumstance effects on education.®

Figure 13: Decomposing LFP IOp by Circumstances
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Notes: The figure depicts the importance of the different circumstances for IOp in labor force participa-
tion as obtained via a Shapley decomposition (footnote 34). While the hight of the columns represents
the extend of IOp (D-Index), its colored segments indicate the contribution of the corresponding circum-
stance to it.

Source: Own calculations based on harmonized survey data (table Al).

Opportunity Structure and Growth across Types Having established that gender
dominates both education and labor force participation IOp, but with sharply divergent
trajectories, we now examine how these patterns manifest across the population at a more

35Figures A9, A19 and A20 present Shapley decompositions for wage employment, wages, and con-
sumption. For wage employment, gender contributes less than for participation but remains important.
Urbanity rises in prominence, accounting for one-half to two-thirds of IOp in most countries. For wages,
gender contributes 15%-35% of IOp in India, Pakistan, and Sri Lanka, with urbanity again prominent. For
consumption (measured at household level), gender cancels mechanically. The contributions of remaining
circumstances (urbanity, region, demographic group) differ by country but remain relatively stable across
cohorts, with modest reductions in urban-rural disparities in Bangladesh and Bhutan (consistent with the
consumption OGIC patterns discussed below). The near-constancy of consumption IOp reflects both the
absence of a gender channel in household-level data and limited progress on spatial and ethnic disparities.
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granular level. Which specific types (opportunity groups) experienced improvements, and
in which outcomes? Addressing these questions through opportunity profiles and growth
incidence curves provides visual confirmation of the mechanisms identified above while
revealing the positioning and relative progress of specific opportunity groups.

Drawing on Peragine et al. (2014), we estimate opportunity profiles by calculating the
average outcome for each type, where types are defined by shared circumstances. Compar-
ing these profiles across birth cohorts allows us to assess how growth in outcomes—whether
educational attainment, labor market participation, or consumption—affected different
groups. This constitutes a type-based Opportunity Growth Incidence Curve (OGIC):
how growth in an outcome has affected types differently.?® The OGIC can be interpreted
as the rate of development of each social group in the population, where groups are
defined on the basis of initial circumstances. This approach complements the Shapley
decomposition presented above by showing not just which circumstances matter most in
aggregate, but where specific types sit in outcome distributions and how their relative
positions evolved.

36The OGIC translates the GIC of Ravallion and Chen (2003) into the sphere of IOp. Formally, letting
Y.l = (p1(ye), .-, pn(ye)) be the distribution of type mean outcome at time (i.e., birth cohort) ¢,
where types are ordered increasingly according to their mean, i.e.,p1(y;) < -+ < pp(y¢), and |:}7#7t+1:| =

(1 (Y1), - - - fin(Ye+1)) is the distribution of type mean income at time ¢ 4+ 1, where types are ordered

according to their position at time ¢, the type OGIC is defined as [](%) = %,Vz e{l,...,n}.
We opt for estimating the type-means p;(y;) parametrically via equation (1). Non-parametric results do

align qualitatively and are available on request.
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Figure 14: Profiles 1950s - Years of Education
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Notes: The figure depicts the opportunity profiles for years of education of the 1950-54 birth cohort
across countries, i.e., the predicted average educational attainment by type (opportunity group) in the
oldest cohort. Opportunity groups ordering (x-axis) is based to their predicted outcome (y-axis), i.e.,
the group with the lowest predicted outcome sits on position 1 whereas the group with highest predicted
outcome is positioned at 100 (for comparative purposes, we rescale the rank position to 1-100 as the
number of groups varies across countries due to different circumstance granularity). Hence, a group’s
position is simply a relative rank without an inherent scale. Group characteristics (circumstances) are
indicated by the symbol (Urbanity) and its color (Gender), e.g., red crosses indicate females living in
rural areas. The remaining variation in outcomes stems from the circumstances region of residence and
demographic group, which are not indicated for the sake of readability. Note that opportunity groups do
not necessary exhibit the same size (see figure Al).

Source: Own calculations based on harmonized survey data (table Al).

Figure 14 depicts opportunity profiles for years of education in the 1950-54 cohort.
Types are ordered by their predicted educational attainment (x-axis), with symbols in-
dicating urbanity (dots for urban, crosses for rural) and color indicating gender (blue
for male, red for female). The figure reveals stark initial disparities, consistent with the
high education IOp levels documented in section 4. Apart from Sri Lanka, educational
attainment is highly concentrated: comparing the top 10% of types with the median
type (P90/P50 ratios, table A7), we find ratios ranging from 1.37 in Sri Lanka to 2.44
in Afghanistan. The privileged, well-educated types are almost exclusively urban males
(blue dots), while the most disadvantaged types are predominantly rural females (red
crosses).?’

37Sri Lanka is a notable outlier, with some female types (Sinhalese women from southern and western
regions) among the educational elite and some male types (rural Sri Lanka Tamil/Moors men from
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Figure A1 complements this view by showing population CDFs by gender. In the
1950s cohorts, female CDFs cross 0.5 (median) well before male CDFs, confirming that
females are overrepresented in the bottom half of the educational distribution.

Figure 15: Changes in Opportunity Profiles - Years of Education
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Notes: The figure depicts the change in opportunity profiles between the 1950-54 and 1990-94 birth
cohorts, i.e., the difference between the predicted average educational attainment by opportunity group
between the two birth cohorts. Remark, we refrain from the rescaling this change by the base cohort’s
educational attainment as many groups of the 1950s have zero formal education (see figure 14). Group
characteristics (circumstances) are indicated by the symbol (Urbanity) and its color (Gender), e.g., red
crosses indicate females living in rural areas.

Source: Own calculations based on harmonized survey data (table Al).

Figure 15 presents the educational OGIC, showing changes in educational attainment
by type between the 1950-54 and 1990-94 cohorts. The figure provides granular confirma-
tion of the aggregate patterns documented earlier. While educational expansion appears
progressive in absolute terms in Bangladesh, India, and Sri Lanka (positive slope of fitted
spline, meaning disadvantaged types gained most), the pattern is more mixed in Bhutan,
Nepal, and Pakistan, where gains appear progressive only in relative terms. Afghanistan
exhibits regressive changes, with already-advantaged types gaining more education than
disadvantaged types, consistent with Afghanistan’s limited IOp reduction documented in
figure 2.3

the eastern and central regions) in the bottom quartile. This reflects Sri Lanka’s distinct educational
trajectory of early near-universal basic education (Dundar et al., 2014, 2017).
38Defining progressivity only in relative terms (percentage change) would be misleading given near-zero
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Critically, female types (red symbols) exhibit the largest gains in most countries,
particularly among rural females (red crosses). This visually confirms gender’s declining
contribution to education I0p identified through the Shapley decomposition (figure 12).
However, as figure 15 shows, most female types remain concentrated in the lower half
of the distribution even in the 1990s cohort, and their average gains often place them at
primary or lower-secondary levels—precisely the range with minimal labor market returns
(section 5.2).

Figure A15 shows opportunity profiles for labor force participation in the 1950s cohort,
providing a granular view of the labor market disparities identified in section 4.2. The fig-
ure reveals staggering gender-based stratification. Certain female types—such as “Muslim
women in rural eastern India” and “Pashtun women in Balochistan (urban and rural),
Pakistan”—face labor force participation rates consistently below 10%. Male types from
the same regions exhibit participation rates of 80-95%. Conditional on labor force partic-
ipation, wage employment rates are somewhat less stratified by gender but show strong
urban advantages (figure A16), consistent with higher prevalence of formal employment
in urban areas and the regression results presented in section 5.2.

Figure 16 synthesizes these patterns by examining changes in both secondary/higher
educational attainment (triangles, dashed lines) and labor force participation (dots, solid
lines) between the 1950s and 1980s cohorts, with types ordered by their predicted con-
sumption level.* Each type appears four times: male secondary education (blue trian-
gles), female secondary education (red triangles), male LFP (blue dots), and female LFP
(red dots).

educational attainment of the most disadvantaged types in early cohorts. We therefore assess progressivity
based on absolute changes in years of education.

39Cohorts are restricted by labor market data availability (maximum 1980-84 cohort). This restricts
observed educational expansion primarily to basic education efforts rather than secondary expansion,
especially relevant for Bhutan where secondary attainment was only 10% in the 1975-79 cohort (figure 6).
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Figure 16: Changes in Opportunity: Secondary/Higher Education vs. LFP
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Notes: This figure depicts changes in opportunity with respect to upper secondary and higher educational
attainment (triangles, dashed line) and labor force participation (dots, solid line) between the 1950s and
1980s birth cohorts by gender (blue male, red female), i.e., analogues to figure 15, the difference between
the predicted average outcome (probability of having completed at least upper secondary education or
probability of participating in the labor market) by opportunity group between the two birth cohorts.
Opportunity groups are ordered according to household consumption per capita (for Afghanistan the
male primary education attainment is used due to the absence of cohort-based consumption estimates),
i.e., each opportunity group (x-axis) has 4 markers.

Source: Own calculations based on harmonized survey data (table Al).

The figure provides vivid visual confirmation of the broken transmission mechanism
identified through the regression analysis and IOp decompositions. Even for males (blue),
LFP gains (solid lines) generally lag behind educational gains (dashed lines), particularly
in India and Sri Lanka where education improved substantially but labor force partici-
pation increased more modestly. For females (red), this disconnect is far more severe.
Substantial gains in secondary educational attainment (rising red triangles, particularly
in the upper half of the distribution in Bangladesh, India, Pakistan, and Sri Lanka)
yielded minimal improvements in labor force participation (flat red dots). In Bangladesh,
India, and Pakistan, even advantaged female types who achieved substantial secondary
education gains saw negligible improvements in labor force participation rates.

This granular, type-level perspective confirms the gender-specific dimension of the puz-
zle established earlier: educational expansion removed gender-based barriers to schooling,
driving down education IOp, but labor market participation remained blocked for women
despite educational credentials, keeping labor force participation IOp high (figure 13, flat
red dots in figure 16).
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Figure 17: Growth Incidence (OGIC) - Consumption
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Notes: The figure depicts the growth in average per capita consumption by opportunity groups (types)
between the 1950s and 1980s birth cohort across countries. To facilitate the distributional comparison
across countries, consumption levels are rescaled by the country-specific 1950s cohort median consumption
level (see footnote 40). Note for India, the 1970-74 cohort serves as comparison to the 1950s given a change
in survey methodology in later surveys (see section A.1).

Source: Own calculations based on harmonized survey data (table Al).

Figure 17 visualizes consumption OGICs by plotting each type’s consumption growth
(1950s to 1980s cohorts) against the type’s rank in the 1950s consumption distribution.
Color coding distinguishes rural (green crosses) from urban (dark green dots) types.*

40Consumption per capita as welfare aggregate is standardized by the World Bank (2024c). Yet, the
exact bundle of consumption items, the recall period of expenditure and methodological choices tend to
vary across countries such that directly comparing the monetary value of this welfare aggregate can be
misleading. Hence, we standardize consumption by dividing the monetary, CPI-adjusted value by the
median consumption in the oldest (i.e., 1950s) cohort for a given country. This renders an interpretable y-
axis for the comparison of opportunity profiles across country, i.e., an opportunity ratio which regards the
opportunity group’s mean outcome relative to the median outcome in the 1950s. Fixing the denominator
the 1950s cohort allows us to capture the welfare gains associated to economic growth across the period of
survey collection, i.e., how does welfare compare during prime working age across cohorts. For example,
being aged 35-54, the most disadvantaged opportunity group of Bhutan, rural households in the East, has
an average consumption per capita of 0.77 with respect to the cohort’s median of 1820 2010-Nu for those
born in the 1950s, whereas individuals of this group born in the early 1980s consume per capita 2650
2010-Nu, i.e., 1.45 times the 1950s median consumption. Hence, the groups change in the consumption
opportunity ratio across those 30 year birth cohorts, 1.45-0.77=0.68, reflects well the large catch-up
process of rural population in Bhutan over the last two decades (see table A10 for the robustness of IOp
with respect to life cycle bias).
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The bottom half of types are nearly exclusively rural in all countries except Pakistan,
where urban types from Balochistan—reflecting that province’s limited economic devel-
opment—appear among the most disadvantaged.

Bangladesh and Bhutan exhibit progressive consumption growth—rural types (green)
experienced higher growth than urban types (black)—consistent with those countries’
modest consumption IOp improvements (figure 4). Rural catch-up processes and increas-
ing urbanization both contribute to this pattern.*! India, Pakistan, and Sri Lanka show
flatter or regressive patterns, consistent with stagnant consumption IOp in those coun-
tries.

These consumption OGIC results align with the labor market findings. Countries
where some disadvantaged types—particularly rural types—gained labor market access
(as evidenced by shifting opportunity profiles) also exhibit progressive consumption growth
and modest consumption IOp improvements. Where labor market access remained severely
restricted for disadvantaged types, consumption opportunities stagnated despite educa-
tional expansion.

In sum, three mechanisms jointly explain the puzzle of educational gains without con-
sumption gains. First, educational expansion concentrated at primary levels (section 5.1),
where labor markets provide minimal returns. Second, even these limited returns are
convex and vary systematically by circumstances (section 5.2), with primary education
offering negligible labor market benefits and secondary education returns depending on
gender and urbanity. Third, and most critically, labor market access itself remains severely
stratified by circumstances, particularly gender (current section).

While educational opportunities equalized dramatically—with gender’s contribution to
education 1Op falling sharply—labor market participation opportunities did not. Female
types gained educational credentials but not labor market access. The broken transmis-
sion mechanism from education through labor markets to consumption manifests vividly
in the OGIC analysis which highlights the divergence between education and partici-
pation trends for different types (figure 16) and in the persistence of consumption IOp
except where specific structural transformations (rural catch-up, urbanization) provided
alternative pathways to consumption gains.

This interpretation suggests that South Asia’s development experience involved ex-
panding educational inputs without removing structural barriers—particularly gender-
based labor market discrimination—that prevent those inputs from generating consump-
tion gains. Until these labor market bottlenecks relax, further educational expansion
alone may continue to produce limited welfare improvements for disadvantaged groups.

6 Conclusion

Enabled by a large data harmonization effort, we trace the evolution of unfair inequalities
in South Asia across the following dimensions: education, labor market and consumption.
Despite limited circumstance data, we document elevated levels of IOp in education, wages

“1Data restrictions prevent studying urbanization’s direct impact, as urbanity status is only known at
data collection, not birth (see section 3). However, examining residential patterns via population CDFs
(figure A7) and population shares changes (figure A8), we find younger cohorts more likely to live in urban
areas.This likely understates true urbanization at birth/childhood—when educational opportunities are
shaped—but applies to both education and consumption. Note that Bhutan experienced extremely
rapid urban growth (an additional 25% of population in urban areas since 1990; World Bank, 2025b),
concentrated in the West zone driven by the capital Thimphu.
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and consumption. Leveraging a pseudo-panel approach, we trace unfair inequalities across
cohorts born in the 1950s to 2000 finding large improvements in educational opportuni-
ties and limited changes in consumption IOp. The solution to this puzzle of decoupled
trends lies in the labor market. Despite closing the gender gap in educational attainment,
women’s labor force participation remains stagnantly low across cohorts, preventing the
realization of expected returns to education. We interpret these persistent labor mar-
ket barriers as reflecting structural constraints—which may include direct discrimination,
but also unobserved factors such as differences in education quality across circumstance
groups (e.g., between rural and urban schools) and unequal access to social networks and
connections that facilitate hiring. Our data cannot distinguish between these channels,
but their combined effect is clear: circumstances continue to powerfully predict labor
market outcomes even among the equally educated.

Our findings point to labor market access—particularly for women—as the binding
constraint on translating educational progress into welfare gains. The existing literature
suggests several policy directions. Interventions that directly address women’s labor mar-
ket entry barriers have shown promise: information about job opportunities can increase
girls’ schooling and delay marriage (Jensen, 2012), while addressing mobility constraints
and providing safe transportation can raise female labor force participation (Garlick et al.,
2025). More broadly, policies that expand formal sector employment opportunities in lag-
ging regions—where disadvantaged groups are concentrated—may help reduce the geo-
graphic dimension of labor market IOp. However, our analysis also reveals that even highly
educated women in urban areas face participation barriers, suggesting that demand-side
interventions alone may be insufficient without also addressing social norms that constrain
women’s labor supply. Identifying the specific facets of these norms—whether related to
fertility, marriage, or mobility—and their interaction with caste and religious identity
across South Asian contexts remains an important agenda for future research.

Further unboxing the cohort trends and their drivers, we document the educational ex-
pansion being mainly concerned with providing basic education to previously unschooled
parts of the population for the 1950s to 1980s cohorts. Returns to this kind of educational
attainment are negligible as labor market returns are found to be convex, i.e., upper sec-
ondary and higher education provide substantial advantages for wage-employment and
wages while primary education remains unrewarded. Returns to higher levels of educa-
tion are particularly large for women and especially in urban areas. These premia have
remained while overall returns to have slightly decreased. Controlling for educational
attainment, we find the labor market to reward equally educated individuals differently
based on the circumstance with IOp within the group of upper secondary and higher ed-
ucated individuals being substantially smaller than for the overall population and within
individuals with only basic education. However, this positive gap is decreasing across
cohorts which can be linked to the limited expansion of female labor force participation
for highly educated females. While the urban-rural divide slightly reduces across cohorts,
the extent of those improvements differs across outcomes and countries.

Putting together those pieces of the puzzle, South Asia has removed most of the gender-
based inequality of inputs (schooling opportunities), but the same characteristic continues
to block market returns to those inputs. Until this labor market bottleneck relaxes, it
can be expected that aggregate living-standards IOp will only fall slowly, despite the
impressive equalization achieved in education. Our labor market analysis ends with the
early 1980s cohorts and, hence, covers only those cohorts which have mainly experienced
the expansion of basic education, but provides strong evidence for the persistence of the
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labor market bottleneck. Hence, it is important for policy to further investigate and
accompany those younger cohorts in which female educational attainment has partially
surpassed male attainment, in order to encourage labor force participation and, hence,
the realization of educational returns. Future research may combine the multiple outcome
dimensions via multi-dimensional IOp measures (Kobus et al., 2020; Hufe et al., 2022a)
in order to provide a more holistic approach.
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Appendix

A.1 Data

In the following we explain the selection of surveys across countries and outcomes as
summarized in table A1l. If available, we use the surveys mentioned below as harmonized
by the World Bank, i.e., SARMD database for household (HH) surveys and GLD database
for labor force (LF) surveys. If these two data sources are available for a given country, we
prefer the usage of the national labor force survey (LFS) over the usage of the household
survey when analyzing labor market outcomes.

For Afghanistan, we draw on multiple waves of nationally representative surveys to
maximize the time span of survey collection and, hence, birth cohorts, i.e., the Integrated
Expenditure and Labor Force Survey (IELFS; 2019), the successor of the Afghanistan
Living Conditions Survey (ALCS; 2013-14, 2016-17) and its predecessor the National
Risk and Vulnerability Assessment (NRVA; 2007-08, 2011-12). While pooling those sur-
veys for the educational analysis is admissible given its representativeness, the measures
of consumption levels are not comparable across survey waves. We check for the align-
ment across surveys of the labor market outcomes to validate their usage in a pooled
cohort-based analysis: (i) LFP appears slightly overstated compared to ILO estimates
(figure A11), an issue which is particularly pertinent for the 2007 wave (68% versus 48%)
and, hence, triggers its exclusion; (ii) wage-employment shares are stable across the waves;
and (iii) wages can only be measured in 2008, 2014 and 2020, while the associated Gini
aligns across waves the limited sample (< 1000, observations per cohort, see table A2)
prohibits a cohort-based analysis.

For Bangladesh, we employ for education and consumption outcomes all available
waves of the Household Income and Expenditure Survey (HIES; 2000, 2005, 2010, 2016,
2022), the comprehensive nationally representative survey conducted and used by the
Bangladesh Bureau of Statistics (BBS) to measure poverty.*? For the labor market analy-
sis we prefer the usage of the LFS, i.e., while the LFS’s LFP is slightly elevated compared
to ILO estimates (i.e., 68% versus 60% in 2005), the HIES’s LFP deviates more severely
(47% in 2005). Further, we note that LFS seems to oversample active women (e.g., in
2016, 41% versus 14% HIES versus 33% ILO estimate), while the HIES largely overreports
wage employment status, especially of women (e.g., 74% versus 41% in LFS and 60% vs
41% in LFS for men), see figures A17 and A18. Hence, the slight reduction found in the
LFS-based LFP IOp is an upper bound for improvement, while the HIES-based Wage-
Employment estimates can be disregarded given its sever measurement issue. Note, we
further considered the usage of the Bangladesh Integrated Household Survey (BIHS) but
decided against its usage due to representativeness being limited to the rural population.

For Bhutan, we employ for all outcome dimensions the Bhutan Living Standards
Survey (BLSS; 2003, 2007, 2012, 2017, 2022) undertaken by the National Statistics Bureau
(NSB) which collects information on, among other, education, poverty, employment and
happiness. For the labor market, we note that no wage income is recorded and exclude
the 2007 wave as its spike in LFP strongly impacts the cohort-based estimates. Given
the absence of labor market information in the 2022 BLSS, we revert to using the Labor
Force Survey conducted in the same year which though is excluded from the cohort-based
analysis given its structurally higher LFP rate. Due to the short time span of available

42The HIES 2022 is excluded from the pooled cohort-based consumption analysis given a different
estimation methodology as well as from the LFP robustness checks given a surge in LFP reporting.
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LFS (2018-2022, provided by the SARLAB database) and, hence, the limited pseudo-panel
dimension, we prefer the usage of the BLSS cohort-based outcomes. For consumption,
we acknowledge that the 2003 and 2022 waves differ from the other waves with respect
to estimation procedure of the consumption aggregate which impedes their usage in the
pooled cohort-based analysis.

For India, we use the Household Consumption Expenditure Surveys conducted by
the National Sample Survey Office (NSSO; 1993, 2004, 2009, 2011, 2022) as provided by
SARMD. Further, in the appendix, we leverage the India Human Development Survey
(IHDS; 2005, 2011) for a basic assessment of the importance of parental background as its
directly records this information (section A.2). For consumption, the recall period changed
for certain items in 2022. However, in 2011, consumption estimates have been derived
based on both, the previous and the new recall periods, allowing for pooled cohort-based
analysis including two birth cohorts for which both time of estimates are available (1965-
69, 1970-74). For the labor market, we have two potential sources: the household surveys
(NSS 1993-2011, HCES 2022) and the LF'S which is made up of the Periodic Labour Force
Survey (PLFS, 2017-2022) as well as its predecessor the Employment and Unemployment
Survey (EUS, 1987-2011). Comparing the two, we find (i) NSS and LFS to align for LFP,
both with respect to population shares and IOp across cohorts (table A3), (ii) a change in
sampling/reporting of LFP in the PLFS (20117-22) such that we restrict the usage of those
waves to the younger cohorts (1975-79, 1980-84) which are not covered in earlier survey
waves to prevent the mixing of non-fully comparable sources, (iii) the LF'S’s harmonized
paid employment definition is broader then wage-employment definition recovered from
the NSS (shares of 45% versus 28% in 2011 for 35-54 year olds), and (iv) the wage analysis
can only be performed based on the LFS given the absence of wage-reporting in the used
consumption-focused NSS waves.

For Nepal, education estimates are based on the 2011 National Population and Housing
Census (NPHC) and the 2022 Nepal Living Standards Survey (NLSS).** For consump-
tion, we leverage the NLSS (1995, 2003, 2011, 2022) which follows the World Bank’s
Living Standards Measurement Survey methodology but its consumption estimates are
only comparable for 1995 and 2003 which impedes the usage of more recent survey waves
for the pooled cohort-based analysis. While for the labor market analysis three potential
LFS waves are identified (1998, 2008, 2017), we have to note that (i) LFP of 87% in first
two waves is more than double the ILO estimate (42%) and, hence, not truly representa-
tive with respect to the international definition, and (ii) that only the usage of the 2017
which resolves this issue of representativeness (LFP of 40%) impedes the usage of our
pseudo-panel technique. Therefore, we rely on the NLSS (1995, 2003, 2011) also for the
labor market analysis but given its overstated LFP (approx. 70%), we only present results
for wage employment as share of the full population (which we also check for alignment
with LFS 1998 and 2008, figure A12).%* Also, note that a cohort-based wage IOp is not
feasible given the limited sample size (table A2).

For Pakistan, we draw on the Pakistan Social and Living Standards Measurement
Survey (PSLM; 2010, 2012, 2014, 2019) and the Household Integrated Economic Survey
(HIES; 2007, 2010, 2011, 2013, 2015, 2018) conducted by the Pakistan Bureau of Statistics

43The NLSS relies on sampling weights for national representativeness, whereas the NPHC does not
require those given it census sample size. Hence, for all cohorts covered by the NPHC, we disregard
the NLSS and only use the latter for young cohorts (1990-94, and 1995-2000). Note, estimates based on
earlier waves of the NLSS align with the NPHC based estimates.

4Both, LFP and wage employment, definitions of the 2022 NLSS differ from previous waves which
impedes its usage in the pooled cohort-based analysis.
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(PBS). Unfortunately, earlier waves cannot be used due to the absence of information on
our demographic variable (i.e., language of the interview). The PSLM is collected with
representativeness at the district level whereas the HIES sample is only representative on
the national/provincial level, i.e., the PSLM sample is significantly larger than the one
of the HIES, and the two surveys were conducted on alternating years. Given that we
only use the higher geographic level (province) of residence as circumstance, both surveys
are pertinent to our analysis. We further leverage the Pakistan Integrated Household
Survey (PIHS, 1991) to cover older cohorts (born in the 1950s) in the education analysis
and provide in the appendix a basic assessment of the importance of parental background
given its directly recorded question on that manner (section A.2). For the labor market
dimension, we also rely on the HIES as the LFS does not record a demographic circum-
stance variable. We exclude the 2013 wave for the analysis of LFP and Wage-employment
as the LFP diverges with respect to previous and subsequent waves (figure A11).

For Sri Lanka, we use the Household Income and Expenditure Survey (HIES; 1990,
1995, 2002, 2006, 2009, 2012, 2016, 2019), the country’s main data source for poverty
analysis conducted by the Department of Census and Statistics (DCS), for the educa-
tional and consumption dimension of the analysis. Note that 1990 and 1995 consumption
estimates differ regarding their estimation methodology and are, hence, excluded from the
pooled, cohort-based analysis. For the labor market dimension we draw on the country’s
bi-/annual LFS (1992-2021) which aligns with respect to LFP and wages closely with the
HIES in terms of levels and while the share of wage employment appears 8%-10% lower
in the LFS, IO0p estimates fully align across the two sources (table A3). A discrepancy
can be found for Wage IOp in the oldest cohorts (1950s) which can be reconciled by the
different survey coverage period, i.e., the LFS observes these individuals already in the
1990s and early 2000s whereas harmonized wage data in the HIES is only available from
2006 onward.
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Table Al: Survey Overview by Outcome

Country Survey Education Consumption LFP & Wage-Employment Jages

Afghanistan NRVA 2008, 2012 2012

Afghanistan ALCS 2014, 2017 (2017) 2014, 2017

Afghanistan IELFS 2020 2020 (2020)

Bangladesh  HIES 2000, 2005, 2010, 2016, 2022 2000, 2005, 2010, 2016, (2022) 2000, 2005, 2010, 2016 2005, 2010, 2016

Bangladesh  LFS 2000%*, 2005, 2010, 2016, (2022) 2005, 2010, 2013, 2015, 2016, (2022)
Bhutan BLSS 2003, 2007, 2012, 2017, 2022 2003, 2007, 2012, 2017, (2022) 2003, 2012, 2017

Bhutan LFS 2018, 2019, 2020, (2022)

India THDS 2005, 2011

India NSS 1993, 2004, 2009, 2011 1993, 2004, 2009, 2011 1993, 2004, 2009, 2011

India HCES 2022 (2022)

India EUS 1983, 1987, 1993, 1999, 2004, 2005, 2007, 2009, 2011 1987, 1993, 2004, 2005, 2007, 2009, 2011
India PLFS 2017, 2018, 2019, 2020, 2021, 2022 2017, 2018, 2019, 2020, 2021, 2022
Nepal NLSS 2022 1995, 2003, (2010), (2022) 1995, 2003, 2010, (2022)

Nepal NPHC 2011

Nepal LFS 1998, 2008, (2017) (2017)

Pakistan HIES 2007, 2010, 2011, 2013, 2015, 2018 2007, 2010, 2011, 2013, 2015, 2018 2007, 2010, 2011, 2015, 2018 2010, 2011, 2015, 2018

Pakistan PIHS 1991
Pakistan PSLM 2010, 2012, 2014, 2019
Sri Lanka HIES 1990, 1995, 2002, 2006, 2009, 2012, 2002, 2006, 2009, 2012, 2016 2019 1990, 1995, 2002, 2006, 2009, 2012, 2016, 2019 2006, 2009, 2012, 2016, 2019
2016, 2019
Sri Lanka LFS 1992, 1993, 1994, 1995, 1996, 1998, 1999, 2000, 2001, 2002, 2003, 1992, 1993, 1994, 1995, 1998, 1999, 2000, 2001, 2002, 2003,
2006, 2007, 2008, 2011, 2012, 2013, 2014, 2015, 2019, 2020, 2021 2006, 2007, 2008, 2011, 2012, 2013, 2014, 2015, 2019, 2020, 2021

Notes: See above for detailed description of survey selection. Survey waves in bold indicate the data source for the cross-sectional inequality and IOp estimates presented in table A3. For Nepal, the survey wave used for LFP and wage-employment in the cross-sectional analysis is the LFS 2017 but this survey cannot be
used for the cohort analysis as definitions of LFP and wage-employment change compared to previous LFS waves (1998, 2008). As this earlier LEP definition is not internationally comparable (see figure A11), those waves can only be used for wage-employment in the cohort analysis and sample size of both, the LFS and
the NLSS, is too small to perform the latter for wages. For Bangladesh, the employment definition of the 2000 LFS (indicated by *) does not align with subsequent years so it is excluded from the wage-employment analysis.




Table A2: Sample Size by Birth Cohort

Education ~ Consumption LFP Wage Employment Wages
Country Cohort ‘ HH Survey ‘ HH Survey ‘ HH Survey LF Survey ‘ HH Survey LF Survey ‘ HH Survey LF Survey
Afghanistan  1950-54 11933
1955-59 14307
1960-64 20101 10646 5261
1965-69 22535 15259 8029
1970-74 28813 21197 11387
1975-79 32503 22554 12235
1980-84 41662 10994 5256
1985-89 41957
1990-94 31372
1995-00 12381
Bangladesh  1950-54 10957 2696
1955-59 14005 5578 5573 15137 2012 9413 1047 3253
1960-64 17877 11587 11602 32172 4891 21105 2610 6902
1965-69 19994 16126 16157 45915 7698 30790 4310 10617
1970-74 24461 15705 15748 46231 8321 30950 4870 9621
1975-79 24593 12371 12432 34601 6478 23316 4157 7586
1980-84 27907 18304 12087 2501
1985-89 23720
1990-94 20627
1995-00 4978
Bhutan 1950-54 7216 1424
1955-59 9539 3702
1960-64 10273 5763 3531 2700
1965-69 12465 8085 5395 5447 4170 4675
1970-74 14093 6620 4706 7688 3601 6732
1975-79 16304 4844 4829 8761 3686 7713
1980-84 19033 11251 9792
1985-89 17203
1990-94 13231
1995-00 7434
India 1950-54 201313 54871 54330 126982 36557 86554 24147
1955-59 257337 95962 94701 181492 63427 122785 41348
1960-64 309046 86241 85406 179544 57019 121194 39566
1965-69 363083 102636 102559 169358 67957 114705 49172
1970-74 339985 96134 67207 102638 42856 68362 31027
1975-79 320575 82580 200318 133802 59138
1980-84 318635 84099 181777 119364 55461
1985-89 226580
1990-94 98732
1995-00 97677
Nepal 1950-54 127042 1076
1955-59 135066 1965
1960-64 168667 2015
1965-69 194186 1695
1970-74 225799
1975-79 271946
1980-84 290236
1985-89 349803
1990-94 2821
1995-00 2985
Pakistan 1950-54 67294
1955-59 86723 8722 8185 4129 1085
1960-64 109705 20359 16196 8983 3732
1965-69 132553 32693 28043 15796 7114
1970-74 150012 33130 28015 16346 8327
1975-79 165392 26195 20828 11995 7213
1980-84 198583 10936 10936 6436 3867
1985-89 215998
1990-94 130825
1995-00 49156
Sri Lanka 1950-54 36731 7424 19170 45221 9436 29986 994 14833
1955-59 40240 15751 24058 55271 12885 37299 4382 18905
1960-64 45621 24530 26268 64693 13526 44734 7521 23181
1965-69 44165 28559 28557 58879 16772 40430 10494 21036
1970-74 37493 22735 22733 48724 15126 33294 9561 16653
1975-79 33081 13853 13853 36374 9273 24425 5843 12187
1980-84 30766 7715 7715 18034 5014 11896 3318 5260
1985-89 18270
1990-94 10618
1995-00 2702

Notes: The table depicts the sample size available for each cohort by outcome and data source. The first row of the header indicates
the outcome and its second row the data source, i.e., household (HH) surveys from the SARMD database and labor force (LF) surveys
from the GLD database, both pre-harmonized by the World Bank. See above for the explanation of the survey selection.
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Table A3: Total Inequality & Relative IOp across Outcomes & Cohorts

Education  Consumption LFP Wage Employment Wages
HH Survey  LF Survey  HH Survey  LF Survey HH Survey LF Survey
Country Cohort ‘ Gini  IOp ‘ Gini I0p ‘ Share IOp Share IOp ‘ Share IOp Share IOp ‘ Gini IOp Gini IOp

Afghanistan  1950-54 | 0.88 0.53
1955-59 | 0.86 0.55

1960-64 | 0.85 0.58 0.58 0.30 0.15 043
1965-69 | 0.84 0.58 0.61 0.26 0.16 0.36
1970-74 | 0.85 0.58 0.62 0.27 0.16 0.32
1975-79 | 0.84 0.58 0.63 0.26 0.16 0.29
1980-84 | 0.82 0.58 0.62 0.25 0.18 0.28

1985-89 | 0.77 0.56
1990-94 | 0.69 0.54
1995-00 | 0.62 0.50
Bangladesh  1950-54 | 0.74 0.46 | 0.35 0.42
1955-59 | 0.71 0.45 | 0.36 0.40 | 057 037 0.63 0.29| 0.52 0.09 036 0.12] 044 053 042 0.46
1960-64 | 0.70 0.43 | 0.37 0.38| 055 039 0.66 0.24| 0.55 0.07 034 0.12] 044 049 0.38 0.36
1965-69 | 0.68 0.40 | 0.36 0.37| 054 039 0.68 021| 0.57 006 036 0.12] 041 049 0.37 0.33
1970-74 | 0.64 0.37 | 0.33 0.36 | 055 0.38 0.68 0.21| 0.60 0.05 0.37 0.13]0.38 049 0.34 0.28
1975-79 | 0.58 0.31 | 0.32 0.37| 055 038 0.69 0.20| 0.66 0.04 040 0.11 ] 0.37 048 0.29 0.32
1980-84 | 0.49 0.26 0.67 0.22 0.46 0.10 0.29 0.25
1985-89 | 0.40 0.20
1990-94 | 0.35 0.18
1995-00 | 0.28 0.17

Bhutan 1950-54 | 0.92 0.62 | 0.42 0.50
1955-59 | 0.91 0.62 | 0.40 0.48
1960-64 | 0.88 0.64 | 0.40 046 | 0.77 0.08 0.34

1965-69 | 0.83 0.61 | 0.39 047 0.78 0.08 086 0.05| 035 034 024 039
1970-74 | 0.77 0.57 | 0.38 046 | 0.78 0.10 088 0.05| 042 028 0.28 0.37
1975-79 | 0.72  0.52 | 0.37 043 077 0.10 089 0.05| 042 028 034 0.30
1980-84 | 0.62 0.43 0.89 0.05 0.40 0.25
1985-89 | 0.51 0.40
1990-94 | 0.39 0.33
1995-00 | 0.24 0.30

India 1950-54 | 0.65 0.58 | 0.37 047 | 068 0.21 068 0.20| 026 037 045 0.13 0.57 0.61
1955-59 | 0.62 0.56 | 0.37 047 | 067 0.22 068 020| 025 036 044 0.13 0.58 0.63
1960-64 | 0.60 0.55 | 0.39 0.51| 067 0.23 068 021| 026 035 045 0.12 0.57 0.64
1965-69 | 0.57 0.52 | 0.38 0.51| 067 0.23 068 020| 024 035 044 0.13 0.54 0.60
1970-74 | 0.51 0.51 | 0.28 042 | 064 0.25 0.67 0.22| 025 033 047 0.12 0.52 0.58
1975-79 | 0.46 0.49 | 0.27 0.43 0.67 0.22 0.46 0.12 0.46 0.54
1980-84 | 0.42 0.48 | 0.25 0.43 0.66 0.22 0.48 0.11 0.44 0.54

1985-89 | 0.37 0.45
1990-94 | 0.32 0.45
1995-00 | 0.25 0.42

Nepal 1950-54 | 0.83 0.57 022 0.22
1955-59 | 0.77 0.57 0.23 0.23
1960-64 | 0.75 0.58 0.24 0.20
1965-69 | 0.69 0.58 0.27 0.25

1970-74 | 0.64 0.57
1975-79 | 0.58 0.54
1980-84 | 0.50 0.52
1985-89 | 0.42 0.49
1990-94 | 0.32  0.47
1995-00 | 0.25 0.44
Pakistan 1950-54 | 0.74 0.57

1955-59 | 0.71  0.56 | 0.34 0.37 | 0.52 0.33 0.54 0.13 0.49 0.56
1960-64 | 0.69 0.55 | 0.34 0.38 | 0.56 0.31 0.57 0.12 0.45 0.54
1965-69 | 0.66 0.53 | 0.34 0.40 | 0.57 0.30 0.57 0.11 0.44 0.58
1970-74 | 0.62 0.51 | 0.33 041 0.59 0.29 0.60 0.10 0.42  0.56
1975-79 | 0.57 0.48 | 0.33 042 | 0.58 0.29 0.60 0.09 0.41 0.61
1980-84 | 0.53 0.46 | 0.32 0.46 | 0.60 0.30 0.60 0.08 0.39 0.65

1985-89 | 0.50 0.44
1990-94 | 0.49 0.42
1995-00 | 0.46 0.41
Sri Lanka 1950-54 | 0.28 0.34 | 0.41 0.32] 0.68 0.19 0.68 0.18 0.07 0.56 0.10 | 0.41 040 0.39 0.36
1955-59 | 0.27 0.32 | 0.41 030 0.68 0.18 0.69 0.17| 0.63 0.08 0.56 0.09| 042 037 040 0.34
1960-64 | 0.26 0.31 | 0.40 031] 068 0.18 0.70 0.16| 0.62 0.06 0.55 0.08| 0.38 0.35 0.38 0.38
1965-69 | 0.23 0.30 | 0.40 031] 068 019 070 0.17| 0.63 0.06 0.56 0.07| 0.38 0.38 0.39 0.39
1970-74 | 0.20 0.32 | 0.39 033 ] 0.69 019 0.69 0.17| 0.64 005 0.56 0.06| 0.38 0.38 0.38 0.41
1975-79 | 0.16 0.32 | 0.39 031 068 019 0.68 0.18| 0.63 005 0.58 0.06| 0.36 0.41 0.36 0.47
1980-84 | 0.14 0.32 | 0.39 0.33 | 0.66 0.21 0.19 | 0.67 0.04 061 0.05] 033 042 0.36 0.60
1985-89 | 0.13 0.33
1990-94 | 0.11 0.31
1995-00 | 0.09 0.35

Notes: Given the sample size displayed in table A2, wages are excluded from the cohort based IOp analysis for Afghanistan. The latest
cohort of Nepal is excluded as it only observed in one cross-section (no pseudo panel).
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Table A4: Circumstances - Geographical Region

Levels Names

Country

Region  Sub-Region Region Sub-Region
Afghanistan 7 34 UN Subregions Provinces (wildyat)
Bangladesh 8 64 Divisions Districts
Bhutan 4 20 Zones (dzongdeys) Districts (dzongkhags)
India 6 27 geographic States
Nepal 5 7 Regions Provinces
Pakistan 4 - Provinces -
Sri Lanka 7 9 geographic Provinces

Notes: Throughout the analysis the region level is used for the circumstance definition
as the number of regions is more similar across countries (i.e., more “comparable” IOp
estimates given a similar number of regressors). We check for sensitivity of the IOp
estimates with respect to geographical granularity. For India, we follow Singh (2012) in
grouping the 26 states and 1 union territory (Delhi; administrative organization prior to
2000) into 6 geographical regions. For Pakistan, no consistent higher regional granularity
can be recovered due to multiple changes in administrative structure.

Table Ab:

Geo-spatial Migration

Migration Birth to Current Location

Country Survey Year Urban  Region Sub-Region N
Afghanistan ALCS 2014 6.68 3.18 7.33 80759
Afghanistan  ALCS 2017 3.64 6.51 76669
India IHDS 2005 12.50 4.86 97001
India IHDS 2011 9.44 3.78 98786
Nepal NLSS 1995 8.61 10714
Nepal NLSS 2010 22.02 9.65 27.48 17573
Nepal NPHC 2011 2.09 6.61 18.59 2598164
Pakistan PSLM 2019 3.29 1.37 8.12 528840

Notes: The table displays the share of individuals in % that migrated from birth
location to the current location by different geographical granularity. The sample is
restricted to individuals aged at least 18 as these are the youngest individuals consid-
ered in the IOp estimations. For Nepal, the NLSS used for the IOp in consumption
estimates, systematically oversamples urban population compared to NPHC (35.09%
vs. 31.28%) which translates into substantially higher share of individuals that report
urban migration. For India, the IHDS does not report the individual’s location of
birth but asks in a binary nature whether the individual was born in a different state.
Hence, migration across states (i.e., sub-region) is an upper bound for mobility on
the regional level. Further, mobility estimates are in line with evidence for low male
migration flows due to caste-based rural insurance networks (Munshi and Rosenzweig,

2016).

Table A6: Circumstances - Demographic Group
Country Definition Levels Labels
Afghanistan Ethnicity 5 Pashtun; Tajik; Uzbek; Nuristani; Mixed Area + Others
Bangladesh Religion 2 Muslim; Hindu + Others
Bhutan -
India Caste/Religion 5 Scheduled Caste; Scheduled Tribe; Other Backward Class; Muslim; Forward + Others
Nepal Caste/Religion 4 Janajati; Khas; Muslim; Dalit + Others
Pakistan Language 5 Urdu; Punjabi + Hindko; Sindhi; Pushtu; Others
Sri Lanka Ethnicity 3 Sri Lanka Tamil/Moors; Indian Tamil; Sinhalese + Others

Notes: For Afghanistan, the variable is constructed based on the largest demographic group in the province of residence reported in the Asia Foundation’s “Survey for Afghan
people 2006-2019”. If a group has a population share of more than 70 percent in a given region, the individual residing there is attributed to this demographic group. If there
is no such clear majority group the individual is assigned to the residual other category. In this manner, five demographic groups are formed: Pashtun, Tajik, Uzbek, Nuristani,
Others + Mixed Area. In Bangladesh, a binary classification in Muslim (majority population) and non-Muslim is utilized. For Bhutan, no demographic/ethnic group variable
could be found across surveys. For India, caste and religion are combined into a salient classification of five groups: Scheduled Caste, Scheduled Tribe, Other Backward Class,
Muslim and Others. For Nepal, a similar compound classification of caste and religion is derived: Janajati, Khas, Muslim and Dalit 4+ Others. For Pakistan, the language of the
interview is used for classifying demographic groups: Urdu, Punjabi/Hindko, Sindhi, Pushtu and Others. For Sri Lanka, ethnicity is directly reported and renders distinction into

four groups: Sinhalese + Others, Sri Lanka Tamil, Indian Tamil and Sri Lanka Moors.
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Figure A1l: Population CDF - Years of Education
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Notes: The figure depicts the Cumulative Distribution Function (CDF) of the female (red) and male (blue) population
across countries and opportunity groups in the 1950s cohort, i.e., the proportion of the gender-specific population with an
predicted educational attainment smaller than or equal to opportunity group indicated on the x-axis. Group characteristics
(circumstances) are indicated by the symbol (Urbanity) and its color (Gender), e.g., red crosses indicate females living
in rural areas (see figure 14 for further explanation). We note, that females are overrepresented in the bottom half of
the population with respect to educational attainment, i.e., the female population CDF surpasses 0.5 well before its male
analogue and the bottom have to be almost exclusively composed of individuals living in rural areas.
Source: Own calculations based on harmonized survey data (table Al).

Table A7: Population Summary Opportunity Profiles

Country Cohort ‘ P25 Median P75 P90 P95 ‘ P90P50 P95P50

Afghanistan 1950-54 | 0.66 1.58 2.80 3.85 4.17 2.44 2.64
1995-00 | 3.49 5.87 8.02 959 10.52 1.63 1.79
Bangladesh  1950-54 | 2.59 3.55 496 6.23 6.47 1.76 1.82
1995-00 | 8.73 9.38 10.14 10.62 10.99 1.13 1.17
Bhutan 1950-54 | 0.63 1.61 259 329 342 2.04 2.12
1995-00 | 8.66 9.68 11.04 11.25 11.29 1.16 1.17
India 1950-54 | 2.56 3.83 625 696 815 1.82 2.13
1995-00 | 9.44 10.87 12.21 13.60 14.18 1.25 1.30
Nepal 1950-54 | 0.89 1.91 352 451 4.87 2.36 2.55
1995-00 | 6.64 8.32 10.03 11.11 11.59 1.33 1.39
Pakistan 1950-54 | 0.45 249 418 512  5.65 2.06 2.27
1995-00 | 4.25 0.83 739 839 9.21 1.47 1.58
Sri Lanka 1950-54 | 4.98 6.35 7.68 868 9.05 1.37 1.42
1995-00 | 10.24 10.87 11.38 11.80 12.05 1.08 1.11

Notes: The table summarizes the predicted educational attainment as display in figure 14 weighted by population
shares along the displayed percentiles of the population and reports their ratios.
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Figure A2: Assortative Mating across Birth Cohorts
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Notes: The figures depicts the Spearman rank correlation coefficient for years of education between spouses across cohorts
and countries.

95



A.2 TImportance of Parental Background

The main analysis omits parental background - a major contributor to unequal oppor-
tunities (Brunori et al., 2013; Singh, 2012). Given the severe data limitations described
in section 3, i.e., the absence retrospective questions on parental education, we turn to
individuals coresiding with their parents in order to extract information on parental back-
ground. This introduces two kinds of distortions in comparison to the previous analysis
based on individuals with completed educational careers: (i) truncation, i.e., educational
attainment has to be top-coded as post-secondary /tertiary education completion cannot
be observed; (ii) co-residency bias (Emran et al., 2018), i.e., individuals co-residing with
the parents are not representative for the general population after a certain age.

Comparing the coresident individuals and the full population with completed educa-
tional careers, we find large difference on the amount educational inequality between the
two samples, i.e., we capture 38 to 86 percent less total inequality (column 1 table AS).
However, conditional on our limited age sampling frame (15-18 years), the coresident
population is largely representative of the given age group (see column 3 table A8 and
figure A3). Therefore, the distortion in total outcome inequality between full and coresi-
dent sample mainly arises from truncation (i.e., the difference educational inequality due
the limited age of the sampling frame, see column 2). This distortion also translates into
IOp estimates, i.e., considering the same limited set of circumstance, estimated IOp is up
to 75 percent lower for the coresident sample (column 4).%°

Naively comparing the IOp estimates of the full population with the limited set of
circumstances to the IOp estimates of the coresident sample with the extended set of
circumstances (i.e., additionally including parental education), we do not observe higher
IOp for the coresident sample due to the truncation distortion (column 5). Yet, we obtain a
proxy for the importance of parental background when comparing the IOp estimates of the
coresident sample with and without it (column 6).%¢ We can validate quality of this proxy
using on a limited set of surveys which include a direct parental background question,
i.e., we can compute the difference in IOp due to the inclusion of parental education
for the full population of a birth cohort without the age restrictions of the coresident
analysis (including all secondary and tertiary educational attainment) and compare it
with the proxy (column 8 versus 5). Further, we can check whether the limited co-resident
distortion found with respect to total inequality (column 3) also generalizes with respect
to IOp by truncating the outcome distribution in these surveys which direct parental
background questions (column 7). For both, overall performance and coresident distortion
in IOp estimates, we find varying results by country and birth cohorts which cannot
properly generalize due to the small number of surveys with direct parental background
questions and their timing with respect to the other surveys available for usage in the
coresident analysis.

45The only exception is Sri Lanka which exhibits a negative co-residency bias, i.e., those individuals
coresiding with their parents are slightly less educated than their full age group. This negative bias tends
increase across birth cohorts which could be reconciled by increasing importance of secondary/tertiary
education which may require them to move out.

46 Adding circumstances (e.g., parental education) tends to increase IOp as it allows for a finer partition
of types and, hence, mechanically accounts for more inequality in the outcome distribution (Fleurbaey
et al., 2017).
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Table A8: Years of Education Coresident Analysis - Distortion vs. Proxy

Total Inequality Relative I0p
Country & Cohort Cores-Full Age-Full Cores-Age limited C  naive proxy trunc true
Afghanistan 1990-1993 -81.00 -81.90 5.10 -59.40  -58.90 1.20
Afghanistan 1994-1997 -80.90 -81.90 5.50 -72.40 -68.00  15.90
Afghanistan 1996-1999 -77.40 -78.20 3.70 -67.20  -64.90 6.90
Afghanistan 1999-2002 -76.70 -77.30 3.00 -65.00 -62.20 7.90
Afghanistan 2002-2005 -78.90 -79.30 2.00 -48.40  -48.10 0.60
Bangladesh 1982-1985 -69.10 -69.40 1.00 -47.90  -20.60  52.40
Bangladesh 1987-1990 -63.60 -63.40 -0.60 -54.40  39.60 206.50
Bangladesh 1992-1995 -69.10 -68.40 -2.30 -14.10  78.10 107.30
Bangladesh 1998-2001 -63.90 -63.10 -2.30 109.70 229.80  57.30
Bangladesh 2004-2007 -69.00 -68.50 -1.80 145.10 264.40  48.70
Bhutan 1985-1988 -70.60 -71.10 1.70 -57.40  -55.20 520  3.60
Bhutan 1994-1997 -69.60 -68.20 -4.40 -10.80 5.40  18.00  5.60
Bhutan 1999-2002 -80.50 -80.50 -0.20 18.80  36.30  14.70
Bhutan 2004-2007 -87.00 -85.30 -12.10 34.40 11640  61.10
India 1975-1978 -64.50 -65.40 2.70 -76.90 -64.60 53.30 75.90 20.50
India 1986-1989 -69.60 -67.60 -6.40 -29.80  -8.30  30.80 52.40 43.00
India 1987-1990 -70.00 -68.50 -4.90 -28.40 -11.10  24.10 42.30 42.80
India 1991-1994 -70.80 -70.90 0.50 -3.70 3210 37.20 13.90
India 1993-1996 -66.90 -67.20 1.00 18.60  54.80  30.50  6.50
India 2004-2007 -91.10 -90.90 -3.10 67.60 121.10 31.90 8.50
Nepal 1977-1980 -62.00 -63.60 4.20 -62.60 -62.30 0.70 -0.00 7.70
Nepal 1985-1988 -65.30 -65.10 -0.50 -51.50 -40.00  23.60 10.80 12.70
Nepal 1992-1995 -63.00 -62.70 -0.90 -36.00 -17.90  28.20 29.60
Nepal 1993-1996 -63.00 -62.80 -0.40 -36.60 -19.80  26.50 27.20
Pakistan 1973-1976 -75.20 -76.50 5.60 -71.60 -68.30 11.80  1.00
Pakistan 1989-1992 -74.00 -74.40 1.80 -59.60 -47.70  29.30 28.00
Pakistan 1992-1995 -72.50 -72.90 1.40 -59.70  -43.60  40.00
Pakistan 1993-1996 -72.30 -72.70 1.40 -59.20  -41.70  42.80
Pakistan 1994-1997 -71.70 -72.20 1.60 -58.40 -41.80  40.10
Pakistan 1995-1998 -71.20 -71.60 1.30 -56.30  -39.80  37.70
Pakistan 1996-1999 -71.50 -71.90 1.30 -56.80  -39.90  39.10
Pakistan 1997-2000 -71.30 -71.70 1.30 -54.70  -38.30  36.30
Pakistan 2000-2003 -72.20 -72.40 0.60 -59.10  -38.00  51.80
Pakistan 2001-2004 -70.40 -70.60 0.70 -62.60 -47.50  40.60
Sri Lanka 1972-1975 -39.20 -36.00 -4.90 -18.50  50.30  84.50
Sri Lanka 1977-1980 -60.30 -56.70 -8.40 37.00 108.10 51.90
Sri Lanka 1984-1987 -77.30 -75.50 -7.30 58.00 132.50  47.20
Sri Lanka 1988-1991 -82.20 -79.80 -11.90 99.20 178.80  40.00
Sri Lanka 1991-1994 -80.80 -78.90 -9.30 80.60 144.80  35.60
Sri Lanka 1994-1997 -87.70 -86.80 -6.70 81.20 135.80  30.10
Sri Lanka 1998-2001 -93.70 -92.90 -10.90 152.70 247.30  37.40
Sri Lanka 2001-2004 -92.40 -92.00 -5.90 221.70 350.90  40.10

Notes: The table displays in % changes of estimate displayed in column header for: (i) restricting the full sample to co-residing individuals in
terms of total inequality (1) and relative IOp with limited C (3) whereas (2) restricts the sample of individuals aged 15-18 to those co-residing
in terms of total inequality; (ii) naive being the difference between full sample with limited C and coresident sample with extended C; (iii)
proxy being the difference between limited and extended C for coresident sample; and (iv) trunc and (v) true being the difference between
limited and extended C for full sample (only surveys with direct parental background question) with truncated (i.e., top-coded) and full outcome,
respectively.

Given that inferring the exact differential of the quantity of inequality explained by
circumstances to be attributed to parental background from the proxy appears not en-
tirely credible, we turn to the relative circumstance importance of parental background
in the cohort-based estimates in order to trace out potential changes (figure A4). As
indicated by the sizable increases in IOp estimates due to parental background inclusion,
we find that parental education accounts for around 50% of educational IOp in all coun-
tries for the most recent cohorts except for Afghanistan and Bhutan. Regarding trends
across birth cohorts,*” a heterogeneous picture is found. Bhutan, Nepal and Pakistan
exhibit a substantial increase in the importance of parental background between 1970s
and 1990s birth cohorts which could be explained by the increasing importance of sec-
ondary education, i.e., while initially location and gender where barriers to any kind of
education, primary education became widely available such that educational inequality
arise at subsequent levels of educational attainment for younger cohorts. For India and
Sri Lanka, the large importance of parental background for the cohorts born in the 1970s

47In the presence of changing moving-out patterns across birth cohorts, the trends in the importance of
parental background across coresident cohorts are compound the potential changes in parental background
importance and changes in moving-out patterns.
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(57% and 67%) reduces across birth cohort but remains around 50% for individuals born
in the late 1990s. An interesting and encouraging development is the continued reduction
across birth cohorts since the early 1990s after the large increase since the 1970s.

Figure A3: Sampling Frame: Coresident Share by Gender
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Notes: The figure depicts the share of coresident individuals by age and gender for each country. The
sampling frame (i.e., age 15-18) is marked with black lines. We observe that female individuals move
out well before male ones. Given that we want to estimate IOp within the full population, we rely on
a uniform sampling frame and top-coding across gender which trades-off the representativeness of the
sample with the extend of educational inequality captured. Coresident shares are below 1 due to the
presence of multi-generation household as individuals who are grand-children of the household head are
not classified as coresident (i.e., only individuals being the child of the household head are registered as

coresident).
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Figure A4: Circumstance Importance: Years of Education - Coresident Sample
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Notes: The figure depicts the relative importance of the different circumstances for IOp in years of education as obtained
via a Shapley decomposition (footnote 34).

A.3 Robustness: Consumption

Figure A5: Total Inequality Comparison PIP - Consumption
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Notes: The figure compares our cross-sectional estimates of total inequality for different sample definitions as measured
by the Gini coefficient with the World Bank’s Poverty and Inequality Platform (PIP). Following the Global Estimates of
Opportunity and Mobility (GEOM) database, our cross-sectional estimates presented in table 2 are based on individuals
aged at least 18 years (blue). Slight deviations from the PIP Gini estimates (red) can be mainly be reconciled by extending
the sample to the full population without age restriction (green). The absence of a connecting line between points indicates
the non-comparably of the consumption estimates across the concerned cross-sections. Note, for India a major revision of the
PIP estimates has been released in September 2025 due to a new harmonization between NSS and HCES (see section A.1).
Given that our SARMD data has not been updated accordingly, PIP estimates of the previous release (September 2024)
are displayed for India apart from the 2022 estimate.
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Table A9: Robustness Consumption: Survey Methodology India

Gini Relative IOp
Cohort Old New Harm. Old New Harm.
1950-54  0.37 0.33 0.47 0.28
1955-59  0.37 0.32 047 0.27
1960-64  0.39 0.32 0.51 0.26

1965-69 0.38  0.31 0.32 0.51 0.46 0.27
1970-74 0.38  0.28 0.32 0.50 0.42 0.26

1975-79 0.27 0.32 0.43 0.24
1980-84 0.25 0.32 0.43 0.23
1985-89 0.32 0.22

Notes: The table reports total inequality (Gini) and relative IOp in consumption per capita across two different welfare
aggregates (old/new) based different recall periods for certain items due to a survey methodology change in 2022. However,
in 2011, consumption estimates have been derived based on both, the previous and the new recall periods, allowing for
pooled cohort-based analyze including two birth cohorts for which both time of estimates are available (1965-69, 1970-74).
The third column reports a harmonized estimates but is disregarded given the limited variation in total inequality which
stands in stark contrast to the non harmonized estimates.

Source: Own calculations based on harmonized survey data (table Al).

Figure A6: Profiles 1950s - Consumption
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Notes: The figure depicts opportunity profiles for per capita consumption of the 1950s birth cohort across countries, i.e.,
the predicted average consumption level by type (opportunity group) in the oldest cohort. To facilitate the distributional
comparison across countries, consumption levels are rescaled by the country-specific median (see footnote 40).

Source: Own calculations based on harmonized survey data (table Al).
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Figure A7: Population CDFs - Consumption: Changes in Urbanity
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Notes: The figure depicts the Cumulative Distribution Function (CDF) of the rural (green) and urban (orange) subpopu-
lations with respect to the total population across countries and opportunity groups in the 1950s (solid) and 1980s (dotted)
cohorts, i.e., the proportion of the total population with an predicted consumption level smaller than or equal to opportu-
nity group indicated on the x-axis associated to urban/rural areas. The triangle/dotted line is always below (above) the
dots/solid line for rural (urban), i.e., a lower share of the population of the younger cohorts is living in rural areas compared
to the older cohorts. However, this underestimates the urbanization tendency across cohorts as the urbanity status is only
recorded at the age of data collection (i.e., old cohorts are measured at later age (age 45-54) and, hence, at more advanced
stages of the urbanization process than if they would have interviewed at the same age as the younger cohorts (age 35-44)).
Note, Bhutan has experienced extremely rapid urban growth (additional 25% percent of the population in urban areas
since 1990, World Bank, 2025)), particularly concentrated in the West zone driven by its capital Thimphu.

Source: Own calculations based on harmonized survey data (table Al).

Figure A8: Growth in Population Shares - Consumption: Changes in Urbanity
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Notes: The figure depicts the growth in the population shares of the opportunity groups between the 1950s and 1980s
birth cohort across countries, i.e., for a given type, the difference between its weighted share of the total 1950s and 1980s
cohort population divided by its weighted share of the total 1950s cohort population. Apart from the strong urbanization
in Bhutan (more than doubling of the population shares for 3 of the 4 urban types) already noted in figure A7, the drastic
increase in the rural population of the Northern and Eastern provinces in Sri Lanka (Sri Lanka Tamil and Moors are the
largest demographic groups in those provinces, > 80%) can be linked to end of civil conflict in 2009 which throughout the
1990s and 2000s had caused high levels of displacement and forced migration.

Source: Own calculations based on harmonized survey data (table Al).
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Table A10: Cohort-Age Group Table: Bangladesh

Age Birth Cohort Avr. I0p /
Group 1950-54 1955-59 1960-64 1965-69 1970-74 1975-79 Total Obs.
35-39 0.428 0.419 0.359 0.399 0.401
1307 3692 3792 7096 15887
40-44 0.489 0.396 0.359 0.367 0.337 0.39
858 2989 2997 6188 5275 18307
45-49 0.455 0.417 0.38 0.363 0.37 0.397
688 2612 2915 5393 5725 17333
50-54 0.41 0.363 0.385 0.355 0.378
2008 2108 4376 4044 12536

Avr. IOp  0.433 0.423 0.397 0.374 0.365 0.368 0.392
Est. IOp  0.421 0.403 0.383 0.366 0.364 0.374 0.385
Total Obs. 2696 5578 11587 16126 15705 12371 64063

Notes: The table depicts cohort-based estimates of consumption IOp and the the underlying sample size (N) at different
ages (5 year age groups) of a respective birth cohort, i.e., column indicate the birth cohort and rows the age groups.
The bottom of the table displays the average IOp across the age groups of a given cohort (Avr. IOp) as well as the IOp
estimate for the cohort based on all its observations (Est. IOp).

Source: Own calculations based on harmonized survey data (table Al).

Figure A9: Decomposing Consumption IOp by Circumstances
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Notes: The figure depicts the importance of the different circumstances for consumption IOp as obtained
via a Shapley decomposition (see footnote 34). While the hight of the columns represents the extend of
relative IOp, its colored segments indicate the contribution of the corresponding circumstance to it. No
systematic substantial changes in the composition of IOp can be observed.

Source: Own calculations based on harmonized survey data (table Al).
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A.4 Robustness: Estimation Technique

The existing literature has shown the results of the IOp measurement exercise to be po-
tentially sensitive to the empirical model adopted. In particular, two of the major short-
comings the employed standard linear parametric estimation are that (i) they are based
on a pre-specified number of circumstances and (ii) they depend on the researcher’s choice
of including interactions of the selected circumstances into the counterfactual estimation.
While excluding potential circumstance or pre-aggregating circumstance variables may
cause underestimated IOp, including all possible circumstance interactions may lead to
an overestimated IOp.*® To address the latter, Brunori et al. (2023) introduced a novel ap-
proach of analyzing IOp by using regression trees that let the algorithm choose the most
relevant circumstances in a statistically significant way from the set of circumstances.
Averaging over a collection of trees, i.e., estimating a forest allows to alleviate the issue
of sampling sensitivity of a single tree. Hence, we use regression forests to validate the
results of the standard parametric analysis.

Figure A10: Evolution of IOp: Parametric vs. Forest Estimation
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Notes: The figures depicts, analogous to figure 4, the relative evolution of IOp across countries, cohorts and outcome
dimensions based on two estimation methods (parametric/forest), i.e., setting to 100 the IOp of the earliest birth cohort
for which all outcomes are available for each country, the index represents the change in percentage points with respect to
the level of IOp of this cohort. Apart from the consumption IOp evolution in Pakistan, we note the overall alignment of
estimates across the two estimation methods for both outcomes.

Source: Own calculations based on harmonized survey data (table A1) but without the inclusion of the latest survey waves
for the forest-based estimates of education due computation time limitations.

48The resulting trade-off between the two approaches has to be balanced given the data availability, i.e.
a linear specification might be too restrictive, whereas including the full set of circumstances’ interactions
might cause very large sampling variance of the estimated counterfactual distribution when the number
of observations per type is limited (see Brunori et al., 2019b).
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A.5 Results & Robustness: Labor Market

Figure A11: LFP Estimates across different Data Sources (age 15-64)
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Notes: The figures illustrates the difficulty for a common definition of LFP across countries, years and survey waves. While
ILO model-based LFP estimates (blue) facilitate standardized comparisons across countries and over time, their labor-force
survey based (ligthblue) counterpart exhibit substantial volatility in line with changes in national definitions/methodologies.
Hence, the ILO model-based estimates may differ from national estimates (see annex table A2.1.1 of World Bank (2024b)
for further discussion).

Figure A12: I0p in LFP & Wage-Employment by Data Source & Sample Definition
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Notes: The figure depicts across birth cohorts IOp in LFP (brown) and Wage-Employment. For the latter, two different
sample populations (i.e., denominators) are considered: the active midlife working age population (age 35-54) as in the
main analysis (orange) and the full midlife working age population (red). For all countries and surveys (with the exception
of the Bangladesh’s household survey which exhibits unreliable wage-employment reporting), the red lines are above the
brown ones, indicating that IOp is higher for finding wage employment than for participating in the labor market. See
section A.1 for details.
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Figure A13: Evolution Composition prime working age population (35-54 years)
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Notes: The figure depicts across birth cohorts the population composition with respect to the labor market status: inactive

(gray), active but without wage employment (violet) or wage employed (orange). For Nepal, we cannot credibility distinguish
inactive and active but without wage employment given overreported labor force participation (see section A.1).

Figure A14: Urban Premia in Educational Returns: Primary vs. Upper Secondary
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Notes: The figures depicts the predicted differential change in the probability of participating in the labor market (violet)
and being a wage employee (orange, conditional on participating) for primary education (solid line) and secondary or higher
education (dotted line) for urban dwellers, i.e., the coefficients 7o (primary) and p2 (secondary) of equation (4).

Source: Own calculations based on harmonized survey data (table Al).
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Table A11: Labor Market Returns to Education: LFP

Afghanistan Bangladesh Bhutan India Pakistan Sri Lanka
1960-64 1980-84 1955-59 1980-84 1960-64 1975-79 1950-54 1980-84 1955-59 1080-84 1950-54 1980-84

Variable Cocf. p-value  Cocf. p-value  Coef. p-value  Cocf. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Cocf. p-value  Cocf. p-value  Coef. p-value  Cocf. p-value  Coef. p-value
(Intercept (differential Cohort FE))  0.303" 0.019 —0.093"" 0.000 —0.316"™ 0.000  0.047" 0.027 0381 0.120 —0.022 0272 0427 0.000  0.000 0940  0.289"" 0.003  0.0747 0.000 0.372" 0.000 —0.025 0.354
Education —0.004 0296 0.006 0.299 —0.009" 0.000  0.001 0.864  0.001 0.823 —0.003 0.692 —0.023" 0.000  0.011" 0.000 —0.025"" 0.000  0.001 0.870 —0.032" 0.000  0.006 0.241
Education? 0.001" 0.004 —0.001" 0.069  0.001°" 0.000  0.000 0.261  0.001" 0.070  0.000 0.877  0.002"" 0.000 —0.001""" 0.000  0.002"" 0.000  0.000 0.206  0.003"" 0.000  0.000 0.640
Age 0.037"" 0.000 0.064™ 0.000 0.032"" 0.005 0.031""" 0.000 0.032"" 0.000 0.030™" 0.000
Age? —0.001""" 0.000 —0.001""" 0.000 0.000"" 0.001 0.000"" 0.000 0.000"" 0.000 0.000"" 0.000
Female —0.649"" 0.000 00387 0.006 —0.727"" 0.000  0.197" 0.000 —0.262"" 0.000 —0.050"" 0.006 —0.571"" 0.000 —0.018"" 0.000 —0.689™" 0.000 —0.0287 0.026 —0.497"" 0.000 —0.035"" 0.000
Urban —0.036™" 0.004 —0.030" 0.067 —0.021°" 0.003 —0.027" 0.022 —0.205™" 0.000 0043 0.057 —0.106™" 0.000  0.033" 0.000 —0.0717" 0.000  0.014 0.289 —0.050"" 0.000  0.0517" 0.000
Dem. Group2 0.016™ 0.047 —0.035"" 0.000 0.060"" 0.000 0.012" 0.008 —0.072"" 0.000
Dem. Group3 0.152" 0.000 —0.010"" 0.000 0.080" 0.000 0.092" 0.000
Dem. Group4 0.127"" 0.000 —0.089"" 0.000 —0.083"" 0.000
Dem. Group5 0.005 0.472 —0.042"" 0.000 0.124"" 0.000
Region2 —0.027 0.114 0151 0.000 —0.015 0241 0.010 0.674  0.039" 0.059  0.024 0.357 —0.009" 0.100 —0.020"" 0.000 —0.041"" 0.001  0.0317 0.033  0.068™" 0.000 —0.017 0.125
Region3 0.016 0.392  0.067"" 0.006 —0.006 0.611 —0.045" 0.038 —0.006 0.777 —0.017 0.547 —0.066"" 0.000 —0.013" 0.066 —0.036" 0.011 —0.003 0.876  0.067™" 0.000 —0.065"" 0.000
Regiond —0.085"" 0.000 0089 0.000 —0.005 0.675  0.050™ 0.041  0.025 0.167 —0.012 0.605 —0.052"" 0.000  0.010 0.253 —0.1147" 0.000  0.022 0.229  0.059™" 0.004 —0.019 0.414
Regions —0.010 0542 0.090"" 0.000 —0.015 0223 0.084" 0.001 0.068™" 0.000 —0.012 0.130 —0.049" 0.061  0.034 0.224
Region6 0.027 0125  0.019 0.413 —0.007 0.570 —0.005 0.836 0.073"" 0.000  0.005 0.496 0.092"" 0.000 —0.043"" 0.000
Region7 —0.057""" 0.000 —0.001 0965 0.020 0.199 —0.087" 0.001 0.124" 0.000 —0.071"" 0.000
Mean Outcome 0.617 0.688 0.776 0.675 0.571 0.692
Niotat 80369 134610 18459 1141715 111919 327181
adj. 0.459 0.399 0.178 0.419 0.521 0.300

Notes: The table displays for labor force participation the coefficient estimates (Coef.) and the

interaction terms of the cohort dummy and the displayed baseline variable, the other cohort interaction terms are omitted from the output).
Source: Own calculations based on harmonized survey data (table A1).

Table A12: Labor Market Returns to Education: Wage-Employment

value of the t-test for their significance associated to equation (3) for the oldest and youngest cobort by country in a regression pooled across cohorts (i.e., the coefficients for the oldest cohorts are the

Afghanistan Bangladesh Bhutan India Nepal Pakistan Sri Lanka
1960-64 1980-84 1955-59 1980-84 1960-64 1975-79 1950-54 1980-84 1950-54 1965-69 1955-59 1980-84 1950-54 1980-84

Variable Cocf. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Cocf. pvalue  Cocf. pvalue  Cocf. pvalue  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value
(Intercept (differential Cohort FE))  0.300" 0.097 —0.044" 0099 0028 0836 0011 0752 0.466" 0075 0.094™ 0.000 0.000 0082 0000 0575 0056 0.025 0516 0727 0000 0100 0000 0870 0000 0121 0.001
Education ~0.003 0.646 —0.005 0549 ~0.034™"  0.000 —0.003 0519 0038™ 0000 . 0.003 0000 0.003 0227 ~0.036™" 0000 0.004 0.763 —0.010" 0082 —0.020"" 0008 —0.051"" 0000 —0.043""  0.000
Education® 0.003"™" 0000 0.000 0446 0.004"" 0.000 0000 0.874 ~0.001 0.249 0.003 0.000 ~0.001"" 0000 0.005™" 0.000 ~0.001 0333 0001 0,000 0.001" 0030 0004 0000 0002 0.000
Age ~0.003 0.747 0.018™ 0.003 ~0.014 0.255 0.000 ~0.013 0320 ~0.009 0.253 0.000 0.948
Age? 0.000 0.941 0.000™ 0.001 0.000 0.242 0.033 0.000 0477 0.000 0.507 0.000 0.156
Female —0.045"" 0.001 —0.014 0.445 —0.132"" 0.000  0.047 0.024 0126 0.000 —0.086™" 0.000 0.000 —0.020"" 0.009 —0.129™" 0.000 —0.053" 0,076 —0.034 0.153 —0.074" 0.013 —0.056"" 0.000 —0.004 0.762
Urban 01347 0000 —0.086™ 0002 0155 0.000 —0.004 0866 0338™ 0000 0.000 0.995 0000 0013 0064 0.087" 0012 0.041 0318 0196 0000 —0.078™" 0003  0.000 0.973 —0.007 0.658
Dem. Group2 ~0.018" 0.063 ~0.004 0.426 0.000 ~0.018" 0.062 0034 0.000 0069 0.000
Dem. Group3 ~0.039"" 0.002 0.000 01247 0.000 ~0.121"" 0.000 0355 0.000
Dem. Groupd 0.022" 0.031 0.000 0.083"" 0.000 0.055"" 0.000
Dem. Group5 —0.036"" 0.000 0.000 —0.032""" 0.001
Region2 —0.100™" 0,000 0.020 0.496 —0.018 0. 0.006 0.875 0061 0.001 0.029 0.274 —0.003 0.721 —0.050"" 0.000 —0.003 0.924 0029 0431 0191 0.000 —0.013 0.608 —0.086" 0.000 0.039™ 0.021
Region3 ~0.116"" 0000 0.088™  0.006 —0.008 0682 0073 0042 0.004 0866 0.031 0325 01247 0.000 —0.103"" 0.000 —0.013 0668 0.003 0946 0.016 0543 —0.068" 0040 —0.123™" 0000 0125 0.000
Regiond —0.095"" 0000 0.067" 0.037 ~0.007 0.761 ~0.034 0381 0013 0491 0.005 0863 0117 0.000 —0.058"" 0.004 ~0.076" 0013 0.042 0322 0141 0000 —0.074" 0033 —0203"" 0000 0140 0.000
Region5 ~0.085"" 0000 0.043 0.147 0002 0919 ~0.047 0233 0.189 0.000 —~0.093"" 0.000 —0.006 0869 —0.050 0301 ~0.166""  0.000  0.086" 0.074
Region6 —0.119"™" 0.000  0.065" 0.030  0.021 0.376  0.097" 0.020 0.213 0.000 —0.071""" 0.000 ~0.251"" 0.000  0.125"" 0.000
Region? —0174"" 0000 0.041 0135 0.020 0.436_—0.050 0.260 0282 0.000  0.098"°  0.000
Mean Outcome 0.160 0358 0.381 0.156 0.202 0561
Neotat 42106 90977 14155 766510 8668 63453 222051
adj. R 0.297 0.096 0.344 0.094 0.119 0.095 0.087

Notes: The table displays for wage employment the coefficient estimates (Coef.) and the p-value of the t-test for their significance associated to equation (3) for the oldest and youngest cohort by country in a regression pooled across cohorts (i.c., the ¢

bascline variable, the other cohort interaction terms are omitted from the output)
Source: Own calculations based on harmonized survey data (table A1)
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Table A13: Labor Market Returns to Education: Wages

Bangladesh India Pakistan Sri Lanka

1955-59 1980-84 1950-54 1980-84 1960-64 1980-84 1950-54 1980-84
Variable Coef. p-value Coef. p-value Coef. p-value Coef. p-value Coef. p-value Coef. p-value Coef. p-value Coef. p-value
(Intercept (differential Cohort FE)) 3.824"" 0.000 1.241""" 0.000  3.242"" 0.000 0.978"" 0.000 1.495"" 0.000  0.604"" 0.000  4.454"" 0.000 —0.210 0.260
Education 0.031°"" 0.000 —0.027"" 0.002  0.067"" 0.000 —0.117""" 0.000  0.008 0.286 —0.022" 0.024 —0.047"" 0.000  0.137"" 0.000
Education? 0.004™" 0.000  0.000 0.990  0.003™" 0.000  0.005™" 0.000  0.006™" 0.000 —0.001 0.340  0.009™" 0.000 —0.006™" 0.000
Age 00477 0.000 0.022""" 0.003 0.089""" 0.000 0.038"" 0.000
Age? 0.000 0.627 0.000 0.118 —0.001"" 0.000 0.000 0.101
Female —0.165™" 0.006  0.083 0.197 —0.520"" 0.000 —0.012 0.533 —0.985"" 0.000 —0.243™" 0.000 —0.291""" 0.000 —0.081" 0.026
Urban 0.236™" 0.000 —0.176™" 0.000  0.437"" 0.000 —0.160"" 0.000  0.197"" 0.000  0.007 0.845 0.128™" 0.000 —0.005 0.896
Dem. Group2 0.045™" 0.000 —0.021"" 0.005 —0.097"" 0.000 —0.086"" 0.000
Dem. Group3 0.020™" 0.000 —0.232""" 0.000 0.027" 0.076
Dem. Group4 0.072"" 0.000 —0.100""" 0.000
Dem. Group5 0.124" 0.000 —0.292"" 0.000
Region2 0.013 0.756  0.102" 0.059 —0.357""" 0.000  0.049 0.170 —0.004 0.872 —0.108"" 0.001 —0.216"" 0.000 —0.259™" 0.000
Region3 0.043 0.250  0.092" 0.056 —0.359""" 0.000 0.174™" 0.000  0.142"" 0.000 —0.122"" 0.009 —0.185"" 0.000 —0.060 0.255
Regiond —0.087"" 0.039  0.114™ 0.044 —0.066" 0.069  0.079™ 0.049  0.213™" 0.000 —0.177""" 0.000 —0.126" 0.021 —0.089 0.197
Region5 —0.152""" 0.001  0.186™" 0.001 —0.302"" 0.000  0.149™ 0.000 —0.033 0.671 —0.092 0.312
Region6 —0.294™" 0.000 0.335™" 0.000 —0.356""" 0.000  0.333"" 0.000 —0.190""" 0.000  0.069 0.182
Region7 0.133" 0.010 —0.002 0.972 —0.169"" 0.000 —0.306™" 0.002
Mean Outcome 6.991 5.352 4.485 6.212
Niotal 31770 299798 30122 112050
adj. R? 0.477 0.593 0.629 0.234

Notes: The table displays for wages the coefficient estimates (Coef.) and the p-value of the t-test for their significance associated to equation (3) for the oldest and youngest cohort by country in a regression pooled
across cohorts (i.e., the coefficients for the oldest cohorts are the interaction terms of the cohort dummy and the displayed baseline variable, the other cohort interaction terms are omitted from the output).
Source: Own calculations based on harmonized survey data (table Al).
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Table A14: Labor Market Returns & Differentials:

LFP

Afghanistan Bangladesh Bhutan India Pakistan Sri Lanka
1960-64 1980-84 1955-59 1980-84 1960-64 1975-79 1950-54 1980-84 1955-59 1980-84 1950-54 1980-84
Variable Coef. p-value  Coef p-value  Coef. p-value  Coef. p-value  Coef. p-value  Cocf. p-value p-value  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value
(Intercept (differential Cohort FE)) 0.356"" 0.007 —0.190"" 0.000 —0.358"" 0.000  0.175"" 0.000  0.363 0.138 —0.001 0.968 0.000 —0.017" 0.098 0207 0.003  0.050 0129 0.249™" 0.000 —0.262"" 0.000
Age 0.037" 0.000 0.064™ 0.000 0.033"" 0.004 0.000 0.032"" 0.000 0.030™" 0.000
Age? 0.000"" 0.000 —0.001""" 0.000 0.000"" 0.001 0.000 0.000"" 0.000 0.000"" 0.000
Primary ~0.006 0.195  0.105 0284 0.044 0.101 —0.211"" 0.000 —0.015 0.814 —0.038 0.583 0910  0.013 0.391 —0.050 0.160  0.042 0328 0.063" 0.000 0303 0.000
Secondary 0.048 0.561 —0.015 0.891  0.034 0476 —0.078 0.338 —0.022 0.682  0.001 0.983 0810 0.020 0.320 —0.062 0424 0.059 0483 0.001" 0.000  0.276™ 0.000
Female —0.6617"" 0.000  0.035" 0.008 —0.7097" 0.000  0.220™" 0.000 —0.256™" 0.000 —0.056™" 0.004 N 0.000 —0.017"" 0.002 —0.652"" 0.000  0.017 0.287 —0.409™" 0.000 —0.014 0.678
Urban —0.050""" 0.001 —0.023 0.229 —0.012 0207 0.014 0.510 —0.240"" 0.000  0.017 0.506 0.000  0.062" 0.000 —0.106"" 0.000  0.014 0.473 —0.082" 0.000 0195 0.001
Dem. Group2 —0.020 0421 0.110"" 0.002 —0.021 0.131 —0.097""" 0.002 0.000  0.030"" 0.009  0.033 0.210 —0.030 0.390  0.002 0.875  0.103" 0.020
Dem. Group3 0.1317 0.000 0171 0.002 0.094  0.000 0970 0.101"" 0.000  0.039 0213 0.108"" 0.000  0.031 0.585
Dem. Groupd 0.178"" 0.000 —0.162" 0.014 0.000  0.012 0.272 —0.107"" 0.001 —0.002 0.951
Dem. Group5 —0.027 0.156  0.077"" 0.005 0.000  0.008 0410 0.095"" 0.001  0.040 0.311
Region2 ~0.034" 0.075 01827 0.000  0.014 0.493 —0.086" 0.036 0.042° 0.054 0.528 0.234 —0.039"™" 0.000 —0.081""" 0.005  0.025 0516 0.082"" 0.000  0.222" 0.001
Region3 —0.015 0594 01787 0.000  0.017 0.356 —0.127"" 0.000 —0.010 0.686 0.290 0.000 —0.015 0.146 —0.039 0.209 —0.059 0167 0.106™" 0.000  0.125° 0.089
Regiond —0.100"" 0.000  0.107" 0.000  0.002 0926 0.000 0995  0.022 0.252 0.454 0.000  0.015 0.292 —0.143"" 0.000 —0.008 0.815  0.000 0.994 —0.015 0.866
Region5 —0.019 0351 0.095™ 0.000  0.008 0.672  0.015 0.712 0.000 —0.018 0.150 —0.112"" 0.005  0.102 0.185
Region6 0.011 0.655  0.079" 0.020  0.011 0.589 —0.074" 0.060 0088 0.000  0.029" 0.007 0.004" 0.000  0.149" 0.036
Region? —0.096"" 0.000  0.086™" 0.007  0.022 0.368 —0.127"" 0.003 0.113"" 0.000  0.135 0.107
Primary x Female —0.186"" 0.000  0.168™ 0.015 —0.059"" 0.000 —0.016 0.507 —0.164"" 0.019  0.073 0.342 —0.219"" 0.000  0.123™ 0.000 —0.172"" 0.000 —0.001 0975 —0.144™" 0.000 —0.017 0.636
Secondary x Female 0.347" 0.000 —0.126 0.208  0.093" 0.044 —0.152""" 0.009 —0.036 0.693  0.203" 0.042 —0.082""" 0.000  0.012 0.438  0.010 0.850 —0.095" 0.090 0.115"" 0.000 —0.113""" 0.003
Primary x Urban 0.032 0.359  0.059 0.272 —0.014 0.351 —0.067" 0.010 02217 0.000 —0.009 0.897  0.076™" 0.000 —0.087"" 0.000 01007 0.000 —0.026 0413 0.040™ 0.012 —0.154™ 0.011
Secondary x Urban 0.085™ 0.012 —0.025 0.595 —0.004 0.866 —0.050 0175 0.294™ 0.000 —0.081 0.248  0.096"" 0.000 —0.074"" 0.000  0.1277 0.012 —0.067 0240 0.056"" 0.006 —0.158"" 0.011
Primary x Dem. Group2 0.101 0.192 —0.092 0360  0.002 0924 0.104™ 0.008 —0.029" 0.072 —0.041"" 0.043 —0.024 0524 0.009 0.847 —0.080" 0.000 —0.061 0.186
Primary x Dem. Group3 0.034 0.719 —0.327 0.502 0.019° 0.082 —0.028" 0.049 —0.093"" 0.009  0.021 0.646 —0.077" 0.002  0.019 0.759
i Dem. Groupd —0.279 0.226 0.345 0.532 0.073"" 0.000 —0.060""" 0.000  0.096 0.200 —0.023 0.780
Primary x Dem. Group5 0.118 0.065 —0.131" 0.100 0.036"" 0.000 —0.033" 0.020 —0.100" 0.061 —0.022 0.746
Secondary x Dem. Group2 —0.036 0.665  0.050 0.647 —0.051 0.149  0.161" 0.008 ~0.029 0.201 —0.058" 0.073 —0.020 0.774  0.013 0.866 —0.037 0.177 —0.114" 0.036
Secondary x Dem. Group3 ~0.106 0.274 —0.098 0.489 0.023 0.178 —0.033" 0.097 —0.162"" 0.006  0.027 0.687 —0.132" 0.095  0.109 0317
Secondary x Dem. Groupd —0.096" 0.063  0.186 0.103 0.098"" 0.000 —0.089""" 0.001  0.080 0.305  0.052 0.562
Secondary x Dem. Group5 —0.045 0.531  0.015 0.876 0.0487" 0.001 —0.019 0.306 —0.041 0.545 —0.097 0.278
Primary x Region2 0.025 0.609 —0.196"" 0.009 —0.055" 0.036  0.196™ 0.000 —0.043 0548 0.051 0.535 —0.002 0.835  0.027° 0071 0.100™ 0.009 —0.081° 0.091 —0.022 0.223 —0.237" 0.001
Primary x Region3 14 0.208 —0.053" 0.029 0163 0.001  0.073 0261 0.052 0.495  0.068™ 0.000 —0.026" 0.075  0.024 0.726  0.055 0.490 —0.052" 0.012 —0.188" 0.012
i Regiond 0372 —0.020 0438 0.116" 0.027 0011 0864 0.058 0457 0.058™ 0.000 —0.032" 0.087 0160 0.001 —0.055 0.311 0.070 0.184 —0.075 0431
Region5 0.135 —0.059" 0.025 0172 0.001 0.000  0.078"" 0.000 7. 0.181 —0.120 0.168
Primary x Region6 0.934 —0.044 0.099  0.147"" 0.005 —0.065""" 0.000  0.017 0.241 0.993 —0.203""" 0.005
Primary x Region? 0.268  0.000 0.988  0.059 0.307 . 0224 —0.218" 0.011
Secondary x Region2 0.161 —0.015 0.748 0. 0.423 —0.100 0402  0.086 0.485 —0.004 0732 0.017 0318 0.122° 0.055 —0.072 .02 0346 —0.275"" 0.000
Secondary x Regio 0.807  0.030 0.454 —0.021 0.758 —0.049 0.572  0.092 0331 0.076™" 0.000 —0.017 341 0.149" 0.063 —0.044 0.628 —0.055"" 0.045 —0.177"" 0.024
Secondary x Regiond 0.013  0.080” 0.048 —0.139" 0.070 —0.028 0.625 —0.026 0.737  0.088™ 0.000 —0.022 0340 0221 0.001 —0.030 0.711  0.031 0.731  0.069 0.579
Secondary x Region 0971 0.041 0.339 —0.131" 0.081 —0.083"" 0.000  0.025 0.206 0.232" 0.000 —0.225"" 0.007
Secondary x Region6 0.805  0.059 0.222 —0.060 0.473 —0.057"" 0.000 —0.021 0.231 —0.033 0.216 —0.182" 0.017
Secondary x RegionT 0.673 —0.001 0.980  0.037 0.678 —0.039 0.295 —0.208" 0.028
B =P 0.816 0.113 0.937 0.717 0.018 0.736 0.811 0.766 0.023 0.160
T female = Pfemale 0.000 0.001 0.190 0.235 0.000 0.000 0.000 0.028 0.000 0.000
Turban = Purban 0.697 0.662 0.444 0.508 0.024 0.207 0.502 0.370 0.288 0.845
Neotat 80369 134610 18459 1141715 111919 327181
Mean Outcome 0.617 0.688 0.776 0.675 0.574 0.692

Notes: The table displays for labor force participation the coefficient estimates (Coef.) and the p-value of the t-test for their significance associated to equation (4) for the oldest and youngest cohort by country in a regression pooled across cohorts (i.c., the coefficients for the oldest cohorts are the
interaction terms of the cohort dummy and the displayed baseline variable, the other cohort interaction terms are omitted from the output).

Source: Own calculations based on harmonized survey data (table A1).
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Table A15: Labor Market Returns to Education: Wage-Employment

Afghanistan Bangladesh Bhutan India Nepal Pakistan Sri Lanka
1960-64 1980-84 1955-59 1980-84 50-6 1950-54 1980-84 1950-54 1965-69 1955-59 1980-84 1950-54 1980-84

Variable Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Coef, p-value  Coef, p-value  Coef p-value  Coef. pvalue  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Coef. p-value  Coef, p-value
(Intercept (differential Cohort FE))  0.237 0.193 —0.017 0.666  0.066 0.637 —0.062 0.382 0.554" 0.035  0.093"" 0.000 0.000 0047 0.004  0.590" 0.050  0.056 0185 0.754"" 0.000  0.127" 0.034 0.759"" 0.000 —0.071 0.486
Age 0.795 0020 0.001 —0.017 0.148 0.000 —0.015 0.264 —0.011 0.195 0.001 0.847
Age? 0.924 0.000™" 0.000 0.000 0.142 0.045 0.000 0.395 0.000 0.410 0.000 0.120
Primary 0.085 —0.081 0521 —0206"" 0000 0162 0075 0361 0.000 —0.166 0.104 0.065 0034 0.063 0446 —0.157 0.102 2 0.756 0.147 0005 0836 —0.030 0.77:
Secondary 0.000 —0.122 0520 0251 0001 0.030 0815 0621 0000 —0.164 0178 0.000 0000 05117 0014 —0.234 0.359 0.012 0085  0.122"" 0.017 0.875
Female 0.000 —0.009 0585 ~0.152"" 0000 0.031 0292 ~0.130"" 0000 ~0.099"" 0.000 0.000 0.000 ~0.122"" 0.000 —0.039 0241 0028 0.000 ~0.015 ~0.045 0381
Urban 0.000 —0.088"" 0.007  0.148™" 0.000  0.049 0159 0.427°° 0.000 —0.007 0.838 0.000 0.000 0100 0.012 0.021 0.653 0.000 0.001 —0.026 0.245 —0.005 0.965
Dem. Group2 0.604 ~0.016 0.649 —0.026 0314 0.002 0.965 0.000 0051 —0.015 0529 —0.032 0.300 0.169 0073 0324 0000 0269 0.000
Dem. Group3 0431 —0.001 0.980 0.000 0.081 0083 0119 0.083 0.300 0.000 0112 04317 0.000 —0.256"" 0.000
Dem. Groupd 0844 —0.081" 0032 0.000 0007 0.114™" 0.000 —0.024 0515 0.008 0.443
Dem. Group3 ~ 0.419 —-0.005 0.858 0.000 0.002 0.167 0.191
Region2 - 0000 0.014 0631 ~0.083" 0025 0.109° 0087 ~0.052™" 0006 0018 0.530 0.014 0005 0.005 0864 —0.006 0.886 0.000 0.689 0.000 0.013
Region3 - 0.067  0.042 0.310 —0.063" 0.070 0137 0.020 ~0.011 0.658  0.040 0.258 0.000 0.000 —0.002 0.941 —0.056 0211 —0.130"" 0.009 0330 0.000 0.001
Regiond ~ 0.000 0055 0.097 ~0.053 0.153 —0.007 0907 0.008 0681 0.013 0.652 0.000 0929 —0.063" 0.055 —0.011 0810 0.001° 0071 -0.113 0.105 0.000 0.017
Region5 — 0018 0.024 0503 —0.021 0578 —0.008 0.893 0.000 0000 0.010 0817 —~0.069 0.197 0.000 0.012
Region6 —0. 0003 0.083™ 0022 0026 0497 0.112" 0.087 0.000 0.000 0.000 0.021
RegionT ~ 0000 0015 0700 0.051 0258 0052 0.462 0.000 0321
Primary x Female - 0044 0.166 0237 0013 0.659 —0.005 0917 —0.102 0.305  0.087 0427 0306 0.028 0.012 0.887 —0.065 0.494 0.002 ~0.093 0342 0.000 0.268
Secondary x Female 0.000 —0.062 0482 0280 0.000 0024 0.799 —0.047 0.631 02847 0.008 0000 0.005 ~0.085 0619 —~0.010 0.963 0000 0.100 0.103 0.000 0.747
Primary x Urban 0498 0.014 0878 0.039 0.198 —0.088" 0.054 —0.182" 0.035 0082 0411 0.000 —0.134"" 0.075 0393 —0. 0739 —0.193" 0000 0159 0.009 0.078 0.871
Secondary x Urban — 0283 —0.020 0.813 —0.066 0.134 —0.068 0309 —0375""  0.001  0.069 0581 0170 0.007 —0.125 0401 —0.03 0.851 —0.178" 0012 0.091 0274 0.146 0.857
Primary x Dem. Group2 — 0613 0158 0256 0.065" 0.035 —0.076 0.226 0.000 —0.096™ —0.083 0285 0197 0.027 0453 —0.022 0.807 0.000 0.000

x Dem. Group3 ~ 0509 —0.034 0844 0113 —0.008 0.092 0661 —0.233 0392 — 0986 0013 0.886 0.000 0.002

x Dem. Groupd 0.668 —0.250 0.288 0261 0.039 ~0.113 0264 0.065 0576 —0.440""" 0.000 0306 0.023
Primary x Dem. Group5 - 0.356  0.083 0.366 0.003 —0.052" — 0001 0.232" 0.038
Secondary x Dem. Group2 — 0337 0.010 0839 0.050 0.359 —0.098 0.267 0.021 —0.031 0.097 0574 —0.005 0.980 —0. 0276 0.130 0258 —0.448"" 0000 0338 0.000
Secondary x Dem. Group3 0.057 0.826 0.000 —0.076™ 0.251 0.238 0.000 —0.295"" 0.002 —0.587"" 0.000  0.286 0.125
Secondary x Dem. Groupd —0.703" 0013 0072 ~0.021 —0.078 0649 —~0.065 0.758 —0. 0210 0172 0.264
Secondary x Dem. Groups 0.095 0.582 0.000 —0.023 ~0.169 0261 0389 0.027
Primary x Region2 ~0.110 0480 0.146"™" —0.204" 0014 ~0.109 0384 0.081 0.567 0000 0048 ~0.008 0928 0108 0313 0.062 0.440 0443 0021 0422 0193 0.090
Primary x Region3 0.116 0440 0.109" ~0.103 0188 0.083 0445 0038 0.761 0000 0.039 0.040 0662 0.079 0471 0502 0.000 0039 ~0.024 0430 ~0.186" 0.099
Primary x Regiond 5 —0.112 0366 0.097" ~0.057 0.492 —0.084 0456 0.012 0925 0.000 —0.058 ~0.036 0683 0.189" 0098 0239 0.003 —0.063 0546 0.051 0.537 0242 0.129
Primary x Region5 0.935 —0.034 0788 0.048 —0.025 0.773 —0.150""" 0.000  0.058™ X —0.179™ 0.038  0.152 0.186 0.323™ 0.001 —0.320" 0.041
Primary x RegionG 0077 0.015 0.886 —0.007 —0.003 0.972 —0.175"" 0.000 0090 0.000 0175 ~0.136 0.240
Primary x Region 0123 0071 0592 —0.033 ~0.036 0.706 0.020 —0.031 0823
Secondary x Region2 0709 0144 0336 —0.047 0016 0.900 ~0.243 0157 03117 0.098 —0.049" 0052 0023 0477 ~0.044 0795 0.190 0377 —0.105 0207 0.021 0.836 0.003 —0351"" 0002

condary x Region3 0005 0394 0059 0.050 —0.097 0396 0042 0727 0.031 0822 —0.172"" 0000 0106 0.002 ~0.499" 0026 0741 0007 0233 0075 ~0.002 0.988 0006 ~0377"" 0.0

Secondary x Regiond 0131 0211° 0.081 —0.026 740 0.060 0.636  0.123" 0.044 —0.084 0341 0.049 0.110 —0.103" 0015 0198 0517 0.038 0664 0.140 0.207 0.057 —0.176
Secondary x Region5 0169 0173 0.147 —0.051 0.531 —0.087 0.511 —0.201 0.000  0.031 0380 0.256 0101 0.087 0.737 0563 0.000 —0.302" 0.039
Secondary x Region6 0.138 —0.166 0.351 —0.156" 0.076  0.065 0.652 0.000  0.0727 0.021 0228 0.000 —0.293" 0.014
Secondary x Region7 0001 0222 0256 —0.123 0241 0135 0387 0273™ 0000 —0.162 0279
B =7 0.792 0.000 0275 0.011 0.992 0.000 0.000 0.021 0731 0.000 0402 0.000 0081
T femate = Pfemate 0.167 0.000 0.731 0.651 0.145 0.000 0340 0629 0.806 0931 0.115 0.000 0.004
Turban = Purban 0.601 0.004 0.705 0.062 0.909 0.000 0.000 0.150 0.996 0823 0.370 0914 0.282
Niotat 42106 90977 14155 766510 3668 63453 222051
Mean Outcome 0.160 0.358 0.384 0.456 0.202 0.584 0.561

Notes: The table displays for wage employment the coefficient estimates (Coef.) and the p-value of the t-test for their significance associated to equation (3) for the oldest and youngest cohort by country in a regression pooled across cohorts (i
baseline variable, the other cohort interaction terms are omitted from the output).
Source: Own calculations based on harmonized survey data (table A1)

the coefficients for the oldest cohorts are the interaction terms of the cohort dummy and the displayed



Figure A15: Profiles 1950s - LFP
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Notes: The figure depicts the opportunity profiles for labor force participation of the 1950s birth cohort across countries
(see figure 14 for detailed explanation). Group characteristics (circumstances) are indicated by the symbol (Urbanity) and
its color (Gender), e.g., red crosses indicate females living in rural areas. We note the staggering differences between groups,
especially men and women.

Source: Own calculations based on harmonized survey data (table Al).

Figure A16: Profiles 1950s - Wage-Employment
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Notes: The figure depicts the opportunity profiles for wage employment of the 1950s birth cohort across countries (see
figure 14 for detailed explanation). Group characteristics (circumstances) are indicated by the symbol (Urbanity) and its
color (Gender), e.g., red crosses indicate females living in rural areas. We note the staggering differences between groups,
especially men and women.

Source: Own calculations based on harmonized survey data (table Al).
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Figure A17: Profiles LFP across Surveys (2010s)
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Notes: The figure depicts, in the latest cross-section where the both potential data sources, household surveys (brown)
and labor force surveys (pink), are available (India 2011, Bangladesh/Sri Lanka 2015/2016), the opportunity profiles for
labor force participation, i.e., the predicted average LFP by type (opportunity group) where the type definition only relies
on urbanity (urban vs. rural; full vs. empty symbol), gender (female vs. male; squares vs. circles) and demographic group.
Opportunity groups ordering (x-axis) is based to their predicted LFP (y-axis) in the labor force survey (our preferred data
source). We note (i) a considerable divergence in female LFP for Bangladesh across sources, i.e., the labor force survey

oversamples active women compared to the household survey, (ii) for India and Sri Lanka, estimates of both data sources
align closely.

Figure A18: Profiles Wage-Employment across Surveys (2010s)
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Notes: The figure depicts, analogous to figure A17, the opportunity profiles for wage employment.

We note (i) for Bangladesh, in the household survey, a non-reasonable share of female wage-employment of around 75
percent which discredits its usage and, hence, triggers the exclusion of wage-employment estimates based on the household
survey from the robustness checks, (ii) for India, the systematically higher prevalence of wage-employment in the labor force
survey, and (iii) for Sri Lanka, estimates of both data sources align more closely.
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Figure A19: Decomposing Wage-Employment IOp by Circumstances
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Notes: The figure depicts the importance of the different circumstances for wage employment IOp as
obtained via a Shapley decomposition (see footnote 34). While the hight of the columns represents the
value the D-Index, its colored segments indicate the contribution of the corresponding circumstance to
it. No systematic substantial changes in the composition of IOp can be observed.

Source: Own calculations based on harmonized survey data (table Al).

Figure A20: Decomposing Wage IOp by Circumstances
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Notes: The figure depicts the importance of the different circumstances for wage IOp as obtained via
a Shapley decomposition (see footnote 34). While the hight of the columns represents the extend of
relative IOp, its colored segments indicate the contribution of the corresponding circumstance to it. No
systematic substantial changes in the composition of IOp can be observed.

Source: Own calculations based on harmonized survey data (table Al).
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