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Abstract

In the last decades, the inequality of opportunity issue is capturing
more and more the attention of researchers and policymakers. While
extensive theoretical and empirical work has been carried out in this
field, only a small fraction has been conducted in developing coun-
tries, particularly in Africa, due to a lack of data. The paper presents
new estimates of inequality of opportunity in Ghana across cohorts
and implementing a machine learning approach to measure and an-
alyze IOp. The study finds that absolute IOp follows a decreasing
pattern over generations, with more recent cohorts experiencing more
equality in terms of opportunity than older ones. The relative contri-
bution of each circumstance in every cohort is discussed, birth place
and ethnicity seem to matter considerably, particularly in the more
recent cohorts. Overall, Ghana is shown to be a complex society with
a complex interaction of circumstances generating opportunity.

1 Introduction

In the last decades, the inequality of opportunity issue is capturing more and
more the attention of researchers and policymakers. Equality of opportunity
can be described as the social ethics which seeks to level differences in out-
comes attributable to luck, but not those for which individuals are responsi-
ble. The concept of equality of opportunity, as discussed by Dworkin (1981),
Arneson (1989) and Cohen (1989), emphasizes the individual responsibility
in determining economic advantage and disadvantage. However there is no a
general consensus in the literature on what luck and responsibility really are.
Following Roemer (1998), we distinguish between inequalities due to factors
beyond the individual control such as socioeconomic status, race, gender,
birth place and factors within their control, and we consider the former as



unfair, because they represent forms of inequality that hinders social mobil-
ity and perpetuates systemic disadvantage for certain groups (Ramos and
Gaer, 2012; Fleurbaey and Maniquet, 2011). Moreover, IOp ideal can be
broken down into two ethical principles. The first principle of compensation
asserts that differences in individual accomplishments that can be clearly
linked to factors beyond individual responsibility (circumstances) should be
compensated by the society. The second principle, natural reward principle,
requires to not compensate differences in achievements due to factor within
the individual’s responsibility (effort) (Checchi and Peragine, 2010). Hence,
we can define an IOp measure as an estimate of how far a given distribution
of outcomes is from equal opportunity counterfactual distribution, in which
differences in outcomes caused by circumstances have been compensated.
Recent papers highlight the extensive theoretical and empirical work that
has been carried out in this field (Peragine and Ferreira, 2015; Ramos and
Gaer, 2012; Roemer and Trannoy, 2016) Nevertheless only a small fraction
of this studies have been conducted on the developing countries and in par-
ticular in Africa. Even though the overall inequality in African states is
well documented (Thorbecke, 2013; Easterly and Levine, 1997), the sources
of such inequality are yet unknown. Very few studies have analyzed the
phenomenon with cross country comparisons.(Brunori, Palmisano, and Per-
agine, 2019; Roemer and Trannoy, 2016). This is due to the fact that in
studying inequality of opportunity, an high level of information for both cir-
cumstances and outcome variables is required and the developing Countries
often lack of this kind of data. However, using 4 large surveys conducted in
Ghana (GLSS), in this work I'll present the IOp measurements in this State
and discuss the pattern of such measures over time and generations.

A relevant challenge for the IOp analysis is the robustness of the estima-
tion. The current approaches to estimating inequality of opportunity are of-
ten hindered by ad-hoc model selection, which can lead researchers to either
overestimate or underestimate the real amount of inequality of opportunity.
For such reason we implement a machine learning approach (regression trees
and forest) for measuring and analyzing inequality of opportunity (Brunori,
Hufe, and Mahler, 2023).

2 Objective

The present work will expand the inequality of opportunity literature in a
double direction. First, we contribute to the measurement on inequality
of opportunity in developing countries, in particular in Ghana. Differently



form other works the analysis will be conducted by cohorts to capture the
evolution of the IOp for individuals born in different political and econom-
ical conditions. Four large Cross-section datasets (1998, 2005, 2013, 2017)
have allow as to built the following 4 cohorts:

1 Born before 1957 (Colonial period),

2 Born between 1957-1968 (Independence period),

3 Born between 1969-1980 (Second Republic period)
4 Born between 1981-1991 (Rowling period)

Previous researches on inequality have shown a varied treatment of age
when building cohorts. Some studies either overlook it or treat it as a
circumstance. By contrast,we run a regression analysis using the age variable
as a predictor to define cohort-level measure and eliminate the age effect
(Aaberge, 2011; Andreoli et al., 2021).

Hence we have been capable to catch the evolution of the IOp across
generations and understand the role of each circumstances in this results.
As far as I know, There are no other works which attempt this measure-
ment in an African state. This is not only a empirical exercise. The results
can help to understand ”the social and economic mechanisms that gener-
ate inequalities and can help in identifying priorities in anti-poverty poli-
cies...” (Brunori, Palmisano, and Peragine, 2019). The second contribution
is merely related to the methodology for the estimations. IOp results biases
from critical choices made during model selection. On one hand, excluding
relevant circumstances from the model causes underestimation of inequal-
ity of opportunity (Ferreira and Gignoux, 2011). Conversely, including too
many circumstances leads to overfitting of the results. Following the novel
literature in this field we employ a supervised machine learning approach
that through the implementation of regression trees and forests is able to
overcome the discretionary in the model and circumstances selection.

3 Methodology

Consider a population N € N4 and a vector of non negative incomes x;Vi €
1,..., N . We assume that z; is a function of effort e; € n with¢ € 1,..., N and
circumstances ¢; € § with ¢ € 1,.., N. Hence each income will be x = f(c, e).
The population can be sub grouped in type 7 = t1...,t) two individuals
belong to the same type if they share the same circumstances. A key aspect
of the Iop measurement is the selection of relevant circumstances and types.



In this work we focus on ex-ante utilitarian measures of IOp. This approach
requires first to built a counterfactual distribution assigning to individuals
with the same circumstances the mean level of outcome of their type, then
it assess the inequality between types by means of an inequality index. This
will be the absolute amount of IOp. However, given the shortcomings earlier
expressed we follow the proposal by Brunori, Hufe, and Mahler, 2023 for the
ex-ante measurement through regression trees and forest.

3.1 Regression Trees

Tree algorithm employs all the circumstances and through sequential and
hierarchical decisions based on statistical criteria it divides a data set into
exhaustive and exclusive groups of observations. The algorithm assigns each
observation to a unique terminal node. From this partitioning we get types
tm. To each individual in these types is assigned the average value of the
depended variable of interest x7,. Hence we obtain a counterfactual distri-
bution of outcome & = f(z;)Vi € N that resembles the non parametric ex
ante counterfactual distribution.

More concretely a conditional inference regression tree predicts a depen-
dent variable X based on a set of j regressors C (Hothorn, Hornik, and
Zeileis, 2006). The conditional distribution of X is assumed to depend on
a function f of the regressors: D(z|C = D(z|f(Ci,...,Cj)). The regres-
sion tree generate M types by recursive binary splittings, described by the
following steps:

1. Select an appropriate alpha-value

2. The algorithm conducts a correlation test on the null hypothesis of in-
dependence for every circumstance being examined, using a predefined
level of significance (alpha-value)

HE : D(2|C) = D(x)

for all circumstances. We get a p-value for each test. (p-value are
adjusted by Bonferroni correction)

3. Take the circumstance with the lowest p-value C* (the one with the
stronger association with the outcome) if the adjusted P-value > «
the algorithm stops, if adjusted P-value < « it selects C as splitting
circumstance;

4. If a circumstance is selected as splitting point, conditional inference
trees decide where to operate the partition. In case of a continuous



variable all possible value are checked applying a difference-in-means
t-test and obtaining an associated p-value. The value with lowest p-
value will be selected for the partition.

5. For all splitting points, the algorithm tests the null hypothesis of point
two for the conditional expectation and stores the p-value associated
with each test. Again the circumstance with the lowest p-value is
chosen, and if the adjusted p-value < «, C is selected as splitting
circumstance.

6. Repeat step 2-5 for all sub samples.

The process avoids the arbitrariness in either the selection of circumstances
and the selection of a model: The algorithm selects only those features that
exhibit the most significant association with the outcome variable. The
interactions between circumstances in determining the output is entirely
due to the algorithm.

3.2 Forests

At least two issues are involved in the implementation of regression trees.
First, the structure of the tree is highly dependent on the sample size. In-
deed, regression trees have a tendency to exhibit low bias but high variance.
To mitigate these issues, the algorithm employs bootstrapped subsamples
of the original data to construct trees for each subsample. The procedure
is called Random Forest. Each tree within the Random Forest follows the
same procedure previously explained. In this work, we obtained the for-
est using three-fold cross-validation and by running the algorithm with 200
trees, allowing the forest to growth as much as they can.

4 Data

We make use of the Ghana Living Standard Survey (GLSS) a nation-wide
household survey conducted in 1998, 2005, 2013, 2017. It collects detailed
information on demographic characteristics of the population. The sample
considered in each wave is restricted to adult individuals above 15 (work-
ing age) and younger than 70 (still economical active according to Ghana
statistical services). The outcome is the total consumption per household
calculated as follows: total consumption per household is divided by equiv-
alence scale provided by the data set and then it is adjusted for the CPI
PPP value considering the PPP in 2010 and the CPI in wave’s year. As



expected has been impossible the use of income data due to the large num-
ber of very low family annual income (near to 0) that overemphasizes the
true inequality making this variable unreliable. In line the relevant litera-
ture we took information about sex, ethnicity, birth place, father occupa-
tion, father education, mother occupation and mother education as circum-
stances (Brunori, Palmisano, and Peragine, 2019; Bourguignon, Ferreira,
and Menéndez, 2007). All this variables were available in the considered
waves, table 1 present for each cohort the sample and all the circumstances
in detail.

We proceed in building 4 cohorts according to the relevant Ghana his-
torical events. First we gather the individuals born under the British empire
government: Born before 1957 (colonial period). The independence in 1957
signs the begin of the second cohort: Born between 1957-1968. Following in-
dependence Ghana remained a constitutional monarchy and parliamentary
democracy until 1960, between 1959 and 1964 the development secondary
schools became the main priority. The Second Republic: Born between
1969-1980 (Second Republic period), despite its brief tenure, played a cru-
cial role in highlighting the development challenges confronting the nation.
The National Redemption Council (NRC) has controlled the Country un-
til 1980. In the last cohort we include individuals born between 1981-1991
(Rowling period). Flight Lieutenant Jerry John Rawlings attempted two
coups in 1979 and 1981. His second military coup established a Provisional
National Defense Council as the supreme national government. (Gocking,
2005; Herbst, 1993). The table presents the years each cohort is composed
and sample size without missing values.

Table 1: Cohorts Description

Cohort Year Sample Size
Colonial period < 1957 9796
Independence period 1957-1968 15468
Second Republic period 1969-1980 18661
Rowling Period 1981-1991 14604

5 Results

Table 2 reports, for each cohort, the partitioned types,the estimates of total
inequality through the gini index, the inequality of opportunity computed
with regression trees and after the implementation of the forests, as abso-



lute value and as a percentage of the overall inequality. All the measures
of IOp trees and forest are depurated of the effect due the age component
as described in the section 2. The overall inequality (Gini) even though
decreasing appears particularly high with a peak of 0.52 in the first cohort.
The main findings are the IOp measurements. The opportunity Gini coef-
ficient from the trees ranges from 0.1595 in for the individuals born during
the Rowling period to 0.166 in the Colonial period. Overall the absolute
values show a progressively decrease of the IOp index. The IOp computed
with forest (lowering the sample size effect) exhibits a similar decreasing
trend of absolute inequality of opportunity. The last cohort seems to be the
one with highest opportunities.

Table 2: Inequality of Opportunity Estimations

Cohort Types Gini IO0p Tree IOp Forest R.IOp tree R.IOp forest
Col.Period 25  0.52 0.166 0.187 31.92 35.96
Ind.Period 28 0.5 0.162 0.182 324 36.4
2nd Rep. 34 0.48 0.1592 0.178 31.6 37.08
Rowling.P. 42 0.496 0.1595 0.168 32.1 33.8

The shares of total inequality that are explained by Inequality of oppor-
tunity help us to catch the real dimension of IOp in Ghana. These shares are
remarkably high, all around 32% for the IOp with trees. The results with
forest are a bit higher: the 2"¢ Republican period appears more unequal in
relative terms. By contrast the relative level of inequality of opportunity
for the generation born in ten years Rowing’s government seem surprisingly
low, this is due to the increase of total inequality (0.496). Overall the last
generations appear less unequal in term of opportunity.

Table 3: Relative Shapely Value Decomposition

Circum. Col. Period Ind. Period 2nd Rep. Rowl. Period.
Birth Place 28.08 21.24 20.55 33.28
Father Occ. 12.22 17.13 16.75 9.76
Father Edu. 12.24 13.87 16.69 12.85
Sex 5.13 1.144 1.65 1.98
Mother Occ. 13.91 19.71 16.27 8.48
Mother Edu. 4.54 9.87 12.80 11.97
Ethnicity 23.86 17.006 15.26 21.64

Another important aspect of the inequality of opportunity is: how im-



portant each circumstance is in accounting for the inequality of opportunity
measure? Table 3 presents the estimates of the Shapley value decomposi-
tion of the between-type Gini coefficient (Shorrocks et al., 1999). The results
show some interesting patterns. In all cohorts the birth place and the eth-
nicity are factors that influence I0p the most (33% and 21% respectively
for the last cohort), these results were expected for both, in a country with
a large ethnically diversified population and where most of the population
gravitates towards the main cities, like Accra. Both circumstances reduce
their shares during the Independence and 2"® Republican period but then
turn to grow. Parent’s occupation gathers less and less shares, only 9%
and 8% respectively for father’s occupation and mother’s occupation in the
Rowling period. The last generation seems to the be influenced more by the
parent’s education. In literature (Brunori, Ferreira, and Neidhofer, 2023),
sex is often the variable that contributes less to the IOp. Our results are
not different (this is due to the imputation of the same outcome level to all
family members, making impossible to catch the inter family value of in-
equality), but worth of mention is the high contribution of sex for the oldest
generation (4.6%) in comparison to the more recent one.

6 Discussion and Conclusion

The ‘novelty’ of this work comes from the following elements. First, we have
introduced new estimates of inequality of opportunity in Ghana focused
on cohort-level inequality. We have shown that IOp follows a decreasing
pattern; hence, the generations born in more recent cohorts experience more
equality in terms of opportunity than the older ones. However, the reduction
in total inequality has not determined a similar reduction in the relative 10p.
Second, we set up the relative contribution of each circumstance in every
cohort. Geography and ethnicity matter considerably, and they seem to
matter more than in the past. Thus, for an individual born in the Rowling
period, the main cause of inequality of opportunity is their birthplace and
ethnicity, symptom of the polarization of the Country in the main cities. The
socioeconomic background of parents weighs less especially in the last cohort.
Overall, Ghana appears to be a much more complex society than at first
sight, with a complex interaction of circumstances generating opportunity.
About the methodological side, we have followed a data-driven approach:
the regression trees and forest techniques, which are closely related to the
ex-ante IOp definition, have allowed us to overcome the discretion in the
selection of the model and in the construction of types.
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