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Abstract

Equality of opportunity is an important normative ideal that concerns politicians and
the larger public alike. In spite of its wide acceptance, current estimation approaches
in the literature suffer from severe data restrictions that lead to biased estimates of
inequality of opportunity. These shortcomings are particularly pronounced for emerg-
ing economies in which comprehensive household survey data often is unavailable. In
this paper, we address these issues by estimating lower and upper bounds of inequality
of opportunity for a set of emerging economies. Thereby, we address recent critiques
that worry about the prevalence of lower bound estimates and the ensuing scope for

downplaying the normative significance of inequality.
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1 Introduction

Inequality has recently received increasing prominence in debates among economists, in policy
circles and among the wider public." While some inequality is tolerable and might even be
desirable, substantial differences based on pre-determined characteristics such as ethnicity, sex
and race run counter to most theories of justice that view such inequalities as inherently unfair.
This issue is especially important in developing and emerging countries. Yet, previous attempts
of measuring inequality of opportunity (IOp) in these countries are encumbered by data con-
straints that usually lead to an underestimation of IOp. To overcome this issue, this is the first
paper to provide both lower and upper bound estimates of IOp in emerging economies.

IOp is an ideal of distributive justice that garners wide-spread support in the general public
(Faravelli 2007; Cappelen et al. 2007; Alesina et al. 2018). Opportunity egalitarians distinguish
ethically justifiable (fair) inequalities from unjustifiable (unfair) inequalities by reference to the
concepts of circumstances and effort.? Circumstances are defined as all factors affecting an
outcome which are not under the control of the individual, while effort variables are (at least
partially) under control. Whereas inequalities based on exogenous circumstances are considered
unfair, all inequalities that are the result of individual effort exertion are deemed fair causes of
inequality. Hence, while for example outcome differences due to gender, parental background
or the birthplace of an individual are considered as unfair inequalities, working hours and ed-
ucational decisions are (partially) under the control of an individual and the ensuing outcome
differences are therefore considered as (partially) fair.

Empirical estimates of IOp face two major empirical challenges. First, many circumstance
factors are unobserved in the data which leads to an underestimation of their aggregate impact on
individual life outcomes (Ferreira and Gignoux 2011; Balcézar 2015; Hufe et al. 2017). Second,
if the ratio between the number of parameters to be estimated and the available degrees of
freedom becomes large, the ensuing noise in the parameter estimates will artificially inflate the
impact of observed circumstances on individual life outcomes (Brunori et al. 2018a; Brunori
et al. 2018b). The extant literature refers to these phenomena as upward and downward biases
in IOp estimates. In particular the first concern has led researchers to question the usefulness
of IOp estimates for policy evaluation (Kanbur and Wagstaff 2016; Andreoli et al. 2019).> The
difference between the true and the lower bound estimate may be particularly pronounced in
emerging economies due to a lack of comprehensive data that enable the researcher to construct
finely-grained partitions of the population into circumstance types.

To address this issue, we calculate lower and upper bounds of IOp for a set of twelve emerging
economies for which we can draw on longitudinal household surveys (Argentina, China, Chile,

Ethiopia, Indonesia, Malawi, Mexico, Peru, Russia, South Africa, Thailand and Tanzania). For

"Much of the literature has focused on income inequality, but there are many dimensions of inequality. See
Klasen et al. (2018) for a recent overview.

2This separation was formulated in the works of Roemer (1993, 1998), Van de gaer (1993), and Fleurbaey
(1995). For recent reviews of the literature see Roemer and Trannoy (2015) and Ramos and Van de gaer (2016).

3For illustrative purposes, assume that the true estimate for IOp in country A amounts to 50%, i.e. half of
total inequality can be explained by individual differences in circumstances. However, due to partial observability
of circumstances, the researcher computes a lower bound estimate of 10%. Kanbur and Wagstaff (2016) worry
that policymakers take the lower bound estimates of IOp as a reference point and consequently downplay the
need for inequality-reducing policy interventions.



each country we calculate standard lower bound measures of IOp. In addition, we leverage the
panel dimension of the data to calculate upper bound estimates of IOp based on the fixed effect
estimator proposed in Niehues and Peichl (2014). As a consequence, we can determine reasonable
bounds for IOp in these countries and thus address the concern of misleading reference points for
policymakers. To the best of our knowledge, this is the first paper to conduct such a bounding
exercise for emerging countries. Moreover, by analyzing a large set of emerging economies with
broad geographical coverage and in different stages of development, we also contribute to the

emerging literature on IOp in developing countries.*

2 Conceptual Framework for Estimating IOp

Important life outcomes are determined by an extensive vector of personal characteristics in-
cluding cognitive ability, gender, parental background, health, socio-emotional skills, educational
attainment, occupational choices and working hours. All of these factors can be subsumed by
a binary classification. If they are completely beyond the realm of individual control, they are
called circumstances. To the contrary, if they can be at least partially controlled by individuals,
they are called effort. The more circumstances explain the distribution of outcomes, the stronger
the violation of the opportunity egalitarian ideal.’

Following Ferreira and Gignoux (2011) this idea can be formulated as follows. We assume a
finite population indexed by i € {1, ..., N}, where each individual in period s is characterized by
the tuple {yis, Ci,eis}. ¥is constitutes the outcome of interest, C; the vector of time-invariant
and individual-specific circumstances, and e;s period-specific effort exertion. We can construct
a partition of disjunct types II = {71, ..., Tp}, such that all members of a type are homogeneous
in circumstances C;. Equality of opportunity is achieved if mean advantage levels are equalized
across types, i.e. if pr(y) = w(y) V I,k | Ty, Ty € I1.° Computing inequality in the distribu-
tion of type-means, I(ufs), now gives a scalar measure of IOp that reflects differences due to

circumstances but is invariant to differential effort exertion within circumstance types.

Lower Bound Estimation. To the extent that we do not observe all circumstances, we only
can construct type partition II' = {77, ..., To} with @ < P. Ferreira and Gignoux (2011) show
that the resulting estimate of IOp is weakly smaller than the true estimate, i.e. I(uF)" < T(uk).
In line with the extant literature, we construct the counterfactual distribution of type means in
a two-step procedure. Assuming a log-linear relationship between the outcome of interest and

circumstances, and allocating the correlation between C; and ejs to the unfair part of inequality

“See Brunori et al. (2015) and Alesina et al. (2019) for work on Africa, Ferreira and Gignoux (2011) for
work on Latin America, and Son (2013) for work on Asia. Furthermore, the Equal Chances project provides an
internationally comparable database on IOp and intergenerational mobility.

®Note that we follow the normative ideal of Roemer (1998) who proposes that outcome differences due to
a correlation between circumstances and effort constitute a violation of equality of opportunity. For example,
although occupational choices may be partially under the control of individuals, income differences following from
occupational differences across males and females violate the ideal of equal of opportunities This is a particular
normative stance that can be easily relaxed. See Jusot et al. (2013) for a discussion.

5The literature refers to this as the ex-ante utilitarian approach (Ramos and Van de gaer 2016). For the sake
of brevity and in view of its prevalence in empirical applications we forego a discussion of alternative approaches.


http://www.equalchances.org/

we estimate
In y;s = a+ B * Ci + €5, (1)

and then use the vector of estimated parameters B to construct the distribution of type means:

[LiLLgB:exp{d—l—B*Ci—i-U;}.? (2)
Recent contributions have argued that this lower bound estimate may be upward biased due to
sampling variance in the distribution of type means (Brunori et al. 2018a; Brunori et al. 2018b).
The sampling variance increases as the number of parameters increases in comparison to the
available degrees of freedom. We therefore also provide lower bound estimates based on cross-
validated lasso estimations (Tibshirani 2011), which select the relevant circumstance parameters

in a way that minimizes the out-of-sample variance of the estimate.

Upper Bound Estimation. Since unobserved circumstances are time invariant by definition,
they can be conceived as unobserved individual heterogeneity that is captured by individual fixed
effects. We construct the distribution of type means in a three-step procedure. In a first step,

using observations from all periods t # s, we estimate
In yit = ¢ + ug + €, (3)

where c¢; represents the individual fixed effect. u; captures year-specific effects such as macroe-
conomic conditions affecting all individuals equally. Next, we regress the individual outcome in

period s on the obtained individual-specific effects
In yis = U * & + €, (4)

and subsequently use the vector of parameters U to construct the distribution of type means:
UB 7 o
s :exp{\I/*éZ-—i—Z} (5)

Note that this estimator would yield the true estimate of IOp if ¢; captured time-invariant
circumstances only. However, to the extent that effort exertion is time-invariant (e.g. long-
term motivation, ambition), these effort components are absorbed by the individual fixed effect.
Therefore, this estimator delivers an upper bound because it refers to the maximum possible

amount of variation that can be explained by circumstances.

3 Data

We estimate IOp in income and consumption expenditures for twelve emerging economies in
different geographical areas of the world ranging from Africa (Ethiopia, Malawi, South Africa,

Tanzania), Central and South America (Argentina, Chile, Mexico, Peru), Europe and Central

o2

"In the estimation of predicted values, %
to the log-transformation (Blackburn 2007).

corrects for differences in the marginal impact of circumstances due



Asia (Russia), to East and South-East Asia (China, Indonesia, Thailand). The sample selec-
tion is guided by the availability of household panel data surveys with a sufficient number of
observations in the longitudinal dimension. According to the World Bank (2018) classification,
the country sample covers low income economies (Ethiopia, Malawi, Tanzania), lower-middle
income economies (Indonesia), upper-middle income economies (China, Mexico, Peru, Russia,
South Africa, Thailand) and high-income economies (Argentina, Chile), and avails data in the
time range from 1988 to 2017.% For each country, we provide estimates for the most recent
wave.? The earliest estimates refer to the year 2009 (Chile, Ethiopia, Mexico) while the latest
estimates are for the year 2017 (Russia, South Africa, Thailand). Table A.1 provides an overview
of the underlying data sources.

We consider two possible outcome dimensions of interest. First, we calculate IOp in indi-
vidual incomes, where income is measured by gross or net incomes. Gross incomes are defined
as market incomes before taxation or transfers. Net incomes are defined as total net income
after taxes and transfers.! To account for resource sharing at the household level, we also
calculate IOp in incomes at the household level. This is particularly relevant, given that female
participation in formal labor markets often is low in emerging economies (Cubas 2016). To ac-
count for differential household composition, we calculate equivalized household incomes based
on the modified OECD equivalence scale. Second, to derive an even more direct measure of IOp
in material well-being, we also consider household consumption expenditures as an outcome of
interest. As in the case of household incomes, we deflate expenditures by the modified OECD
equivalence scale. Furthermore, all income and expenditure values are inflation-adjusted via
Consumer Price Index (CPI) data to the country-specific year of analysis (Federal Reserve Bank
of St. Louis 2018). As shown in Table A.1, data availability imposes restrictions on cross-country
comparability since not all outcomes are available for all countries in our sample. However, for
each outcome variable, we have information on at least 9 out of 12 countries.

In addition to the availability of the outcome variables, the considered data sets vary in
the availability of circumstance indicators. In order to compare IOp across countries based
on the same circumstances, we start with the smallest common denominator of circumstances.
Unfortunately, we have only two variables in all datasets for all countries in our sample: year
of birth and gender. In column 3 of Table 1 we display additional circumstance variables
available for each country. These include birthplace, education of parents, information on ethnic,
religious or linguistic background. Further circumstance variables include parents’ endowment
with wealth and land, geographic characteristics of the birthplace as well as individual’s body
height.

To ensure the consistency of intra-country comparisons, we only retain those units of obser-
vation for which we observe all circumstance variables and a minimum number of observations
for each outcome variable available in the particular country data set. Specifically, we focus on

individuals with positive outcomes in at least three periods of observation. Furthermore, we

8Note that throughout this paper, we refer to outcome (income/expenditure) and not survey years.

9An exception to this rule is Peru, for which it was not possible to construct a representative sample for the
most recent available year (2011). For Peru, we thus use 2010 as the year of interest in our baseline specification.
In addition, note that we also check for the robustness of the results regarding the year of interest in Section 4.

10Tn some countries market income comprises labor market earnings, only. These countries are indicated in
Table A.1 accordingly.



focus on individuals aged between 25 and 55, i.e. the prime working age defined by the OECD
(2018). On average, these restrictions imply the utilization of 3.0 (Argentina) to 14.6 (Thailand)
years per individual (Column 7 of Table 1).!*

Once we have constructed the respective distribution of type means, we follow the literature

and use the mean log deviation (MLD) to provide scalar measures of 10p.

Table 1: Baseline Specification, Lower & Upper Bounds, by Country

Circumstances Fixed Effect Estimator
LB1 LB2 & LB3 Start End Min. Year o Years
Argentina gender, year of birth birthplace 2013 2014 3 3.00
Chile gender, year of birth birthplace, education 2006 2008 4 4.00

of father/mother, eth-
nicity, labor force sta-
tus of father/mother,
chronic disease

China gender, year of birth ethnicity 1988 2010 3 3.95

Ethiopia gender, year of birth education of fa- 1994 2004 3 4.63
ther/mother, ethnic-
ity, religion

Indonesia gender, year of birth education  of fa- 1992 2006 3 3.59
ther/mother, ethnic-
ity, religion, language

Malawi gender, year of birth education  of fa- 2004 2008 3 3.54
ther/mother, religion

Mexico gender, year of birth language 1999 2004 5 6.43

Peru gender, year of birth birthplace, language, 1998 2011 3 3.68

chronic disease

Russia gender, year of birth birthplace, urbanity 1994 2016 5 10.16
of birthplace, educa-
tion of father/mother,
labor force status of
father/mother, height

South Africa  gender, year of birth birthplace, education 2008 2015 4 4.48
of father/mother, eth-
nicity

Tanzania gender, year of birth birthplace, ethnicity, 1991 2004 3 4.71

religion, height

Thailand gender, year of birth education of fa- 1997 2016 3 14.64
ther/mother, wealth
of parents, land of
parents

Notes: Column 2 describes the internationally comparable set of circumstance characteristics that is used
to estimate LB1. Column 3 describes the country-specific circumstances that are added to LB1 to esti-
mate LB2 and LB3. All year specifications refer to the year in which the outcome (income/expenditure)
was realized. The last two columns describe the distribution of data points per unit of observation. The
figures include the year of analysis which, however, is not used in the estimation of the unit fixed effect.
Source: Own calculations based on the panel survey data described in Table A.1.

'Note that the number of waves used to calculate the fixed effect according to equation 3 differs both across
countries (see Table 1) and across individuals within countries. In Section 4, we show that this heterogeneity does
not systematically bias our results for the upper bound.



4 Empirical Results

Figures 1-3 show IOp estimates for individual incomes, household incomes and household expen-
ditures, respectively. In each figure the upper panel shows an absolute measure where the MLD
is applied to the distribution of circumstance type means. The lower panel shows a relative
measure where the absolute measure of IOp is scaled by total outcome inequality. Hence, the
relative measure expresses in percentage terms how much of total inequality can be attributed to
the influence of circumstances. An overview table including all results is presented in Appendix
Table B.2.

Individual Income. The upper panel of Figure 1 shows substantial variation in individual
income inequality across the countries under consideration. Total outcome inequality figures
based on the MLD range between 0.2 (Russia, Mexico) and 0.9 (Ethiopia). Data points for the
first lower bound estimate (LB1) indicate IOp based on the circumstance variables gender and
year of birth, only. Data points for the second lower bound estimate (LB2) indicate IOp based
on all circumstances available in the particular country data set. Data points for the third
lower bound estimate (LB3) indicate IOp based on the same set of circumstances. However,
in contrast to LB2 we take account of potential upward biases due to sampling variation by
applying a lasso estimation in which the relevant circumstances are chosen by means of 5-fold
cross-validation. Data points for the upper bound estimate (UB) indicate IOp based on the
fixed effect estimation procedure outlined in Section 2.

Estimates of LB1 indicate that gender and year of birth can explain only a very limited
share of total outcome inequality. In relative terms, these variables explain only between 0.3%
(Ethiopia) and 13.0% (Mexico) of total outcome inequality. Such low estimates reflect the con-
cern of Kanbur and Wagstaff (2016) that internationally comparable estimates of IOp that are
based on a common set of circumstance variables will further magnify the limited capacity of
lower bound estimators to detect unfairness in a given outcome distribution. Estimates of LB2
show that the integration of additional country-specific circumstance variables substantially in-
creases IOp estimates. Estimates now range between 9.4% (Argentina) to 30.7% (South Africa).
This remains true even after accounting for the sampling variation to address the potential up-
ward bias of LB2: According to the lasso-based estimates of LB3, between 4.1% (China) and
21.7% (South Africa) of outcome inequality can be considered unfair. However, IOp estimates
based on observed circumstances on average only represent 7.3% (LB1), 18.9% (LB2) and 12.9%
(LB3) of total inequality. If policy makers indeed take such estimates as reference points to eval-
uate the need for inequality-reducing policy reforms, one may be reasonably concerned about the
real-world consequences of lower bound IOp estimates. Therefore, we take account of unobserved
circumstances through the fixed effects estimation procedure that determines the UB estimates
of IOp. The UB estimates vary between 17.2% (Mexico) and 72.5% (South Africa) and therefore
show a significant upward correction of IOp in comparison to LB1-3. The unweighted average
across countries yields a relative measure of 42.4%, i.e. almost half of observed inequality can

be attributed to circumstance characteristics.



Figure 1: Inequality of Opportunity, Individual Income
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Notes: The upper panel shows absolute estimates of inequality of opportunity. The lower panel shows estimates of
inequality as a share of total inequality. LB1 and LB2 indicate estimates based on the circumstance sets indicated
in Table 1. LB3 uses the same set of circumstances as LB2 but employs a lasso estimation to account for sampling
variance. UB indicates the upper bound estimate based on the fixed effect specification.

Source: Own calculations based on the panel survey data described in Table A.1.

Household Income. Results concerning individual incomes neither consider resource sharing
at the household level nor heterogeneity in household structures. In the following, we thus
provide absolute and relative IOp estimates for equivalized household incomes.

Figure 2 shows that resource sharing at the household level reduces outcome inequality in
most countries in our sample. FExceptions are Ethiopia, Mexico and South Africa, for which
household representative income is more unequally distributed than individual income. The
unusual pattern in these countries is mostly driven by assortative matching. As a consequence,
inequality in individual incomes for households with a given number of members is lower than the
respective inequality in household incomes. In addition, in South Africa and Mexico individual
incomes are negatively correlated with the number of children. Adjusting for the household
structure thus further exacerbates the existing inequality in individual incomes.

Since some part of gender-based differences are wiped-out through household resource shar-
ing, LB1 decreases substantially for all countries except Ethiopia, Indonesia and South Africa.
On average, gender and year of birth only account for 2.5% of total inequality in equivalized
household incomes for the countries in our sample. Similarly, LB2 (LB3) tends to decrease
for the vast majority of countries and now lies between 1.6%, Argentina (0%, China) and 36%
(25.5%, South Africa). In spite of sizable reductions, a substantial share of IOp remains even

after controlling for household structure and resource sharing. Across countries, estimates for



LB2 (LB3) suggest that observed circumstances can explain on average 14.4% (9.5%) of total
inequality in household incomes. In contrast to the lower bound estimates, the UB estimates for
IOp in household incomes are rather constant when comparing them to their individual income

analogues: Average IOp slightly increases to 43.2% in relative terms.'?

Figure 2: Inequality of Opportunity, Household Representative Income
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Notes: The upper panel shows absolute estimates of inequality of opportunity. The lower panel shows estimates of
inequality as a share of total inequality. LB1 and LB2 indicate estimates based on the circumstance sets indicated
in Table 1. LB3 uses the same set of circumstances as LB2 but employs a lasso estimation to account for sampling
variance. UB indicates the upper bound estimate based on the fixed effect specification.

Source: Own calculations based on the panel survey data described in Table A.1.

Household Expenditure. Figure 3 presents estimates for IOp in household expenditures.
There are more marked cross-country differences in expenditure inequality than for individual-
or household based income inequality. We refrain from interpreting these country differences
since they are mostly driven by survey-specific questionnaire artifacts. In some countries, total
expenditures are queried directly, whereas other surveys provide categorized information on con-

sumption expenditures. Moreover, reference periods vary strongly (weekly, monthly, quarterly)

12Two explanations are conceivable. First, household income is the sum of incomes from all household members.
Hence, to the extent that household members match based on circumstances that are unobserved in the lower
bound estimates, LB1-3 will show a stronger decrease than the UB estimate since the latter also accounts for
unobserved circumstance heterogeneity across individuals (Peichl and Ungerer 2016). Second, there may be
intra-household substitution in labor market efforts. For example, if households keep working hours fixed but
alternate the individual contribution of each spouse, the UB estimate for household income also includes time-
constant household-level effort and therefore decreases less than LB1-3 which are net of any time constant effort
components. Due to the data limitations that motivate this bounding exercise in the first place, we cannot
discriminate between both explanations.



Figure 3: Inequality of Opportunity, Household Representative Expenditure
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Notes: The upper panel shows absolute estimates of inequality of opportunity. The lower panel shows estimates of
inequality as a share of total inequality. LB1 and LB2 indicate estimates based on the circumstance sets indicated
in Table 1. LB3 uses the same set of circumstances as LB2 but employs a lasso estimation to account for sampling
variance. UB indicates the upper bound estimate based on the fixed effect specification.

Source: Own calculations based on the panel survey data described in Table A.1.

which may lead to artificial changes through scaling effects. Hence, we focus on the bounds of
IOp estimates within countries.

Independent of the absolute amount of inequality in expenditures, the upper panel of Figure
3 shows that unfair inequality is also manifested in consumption. In line with the results on
household incomes, gender and the year of birth are rather negligible determinants of unfair
inequality at the household level. However, other observed circumstances matter, which confirms
that household level sharing of resources does not eliminate unfair inequality. Referring to LB2
(LB3), between 4.8% (0.1%, China) and 40.4% (30.4%, South Africa) of total inequality in
household expenditures can be considered unfair. In analogy to the previously discussed income
variables, IOp increases substantially when accounting for unobserved circumstances. In relative
terms, the UB estimates lie between 13.3% (Tanzania) and 67.6% (South Africa).

Sensitivity Analysis. We conduct two sensitivity checks. First, our baseline estimates differ
in terms of the year for which IOp is estimated. To increase comparability we replicate our
analysis for the country-specific data waves in closest proximity to 2009.'3 Given that a society’s

opportunity structure is shaped by long-run institutional features, we expect that the baseline

133ee Table C.3 for an overview of the country-specific adjustments. In cases where there are two available data
points with the same distance from 2009, the more recent year is chosen.

10



estimates are similar to those using the harmonized year of interest. Indeed, plotting the latter
against the former we see that all estimates nicely group around the 45 degree line (see Figure
C.1).

Second, the fixed effects for the upper bound estimators are based on different numbers of
individual observations. While we fix a minimum of three data points per individual in order to
be eligible for our data sample, the de facto number of observations used for the construction of
the individual fixed effect varies across countries (Table 1). To test whether this heterogeneity
distorts cross-country comparisons, we provide upper bound estimates in which we restrict the
sample to the three most recent observations for each individual. We plot the estimates from
this alternative specification against our baseline estimates and again find that all estimates

closely align to the 45 degree line (see Figure C.2).

5 Conclusion

Estimates of inequality of opportunity have been heavily criticized for their lower bound property.
This concern is particularly relevant for emerging economies whose household surveys tend to
avail less comprehensive information on circumstances than data sets in industrialized countries.
In this work we address this concern by providing upper and lower bound estimates of IOp for
a set of twelve emerging economies.

We find that differences between lower and upper bounds of IOp are substantial across all
countries and independent of whether we consider (household) income or expenditure as the
outcome of interest. The magnitude of these differences suggests substantial uncertainty with
respect to the true estimate of IOp which highlights the need for better data sets and a further
efforts to refine the econometric toolkit employed in this literature. In the meantime, however,
bounding the range of potential estimates is a useful exercise to limit the scope for downplaying

the moral significance of inequality in the countries of interest.

11
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C Sensitivity Analysis

Table C.3: Year of Interest, Baseline and Harmonized

Year Baseline Year Harmonized Difference in Years
Argentina 2015 2013 2
Chile 2009 2009 0
China 2014 2010 4
Ethiopia 2009 2009 0
Indonesia 2013 2006 7
Malawi 2010 2010 0
Mexico 2009 2009 0
Peru 2010 2009 1
Russia 2017 2009 8
South Africa 2017 2008 9
Tanzania 2010 2010 0
Thailand 2017 2009 8

Figure C.1: Comparison of Baseline and Year Harmonized Estimates
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Notes: The four panels plot baseline estimates of absolute inequality of opportunity against
absolute inequality of opportunity estimates for a harmonized year according to Table C.3.
LB1 (first panel) and LB2 (second panel) show estimates based on the circumstance sets
indicated in Table 1. LB3 (third panel) uses the same set of circumstances as LB2 but
employs a lasso estimation to account for sampling variance. UB (fourth panel) indicates the
upper bound estimate based on the fixed effect specification.

Source: Own calculations based on the panel survey data described in Table A.1.
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Figure C.2: Comparison of Baseline and Period Harmonized Upper Bound Estimates
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Notes: The figure plots baseline estimates of absolute inequality of opportunity for the upper bound against upper
bound estimates of a period harmonized version. In this period harmonized specification, we use for each unit of
observation the three most recent observations only. Upper bound estimates (UB) are based on the fixed effect

specification.

Source: Own calculations based on the panel survey data described in Table A.1.
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