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Abstract

This paper contributes to the ongoing debate on the relationship between urban agglom-
eration and income inequality. The World Bank and the United Nations place Sub-Saharan
Africa among the leading urbanizing regions with sizable urban agglomeration inequality
challenges. Therefore, the main research question of this study was whether there is a sig-
nificant relationship between urban agglomeration and income inequality. This study also
aimed to determine whether the relationship is nonlinear, estimated using a dynamic panel
model, an inverted U-shaped Kuznets hypothesis, and balanced panel data from 2000 to
2020 for 22 countries in Sub-Saharan Africa. The findings revealed a nonlinear relationship
between urban agglomeration and income inequality in Sub-Saharan Africa. The findings
showed that income inequality increases with urban agglomeration in the first stage and
decreases in the later stages of urbanization. Based on the findings, our recommendations
are to enhance governance capacity in providing urban infrastructural investment, improve
industrialization capacity, and open up the peri-urban connecting rural regions through
public—private development partnerships to shorten the urbanization-driven income ine-
quality inverted U-shaped Kuznets’ turning point in Sub-Saharan Africa.

Keywords Urban agglomeration - Dynamic panel model - Gini index - Sub-Saharan
Africa

1 Introduction

Urbanization is a valuable outcome of economic development. As nations develop, the
urban share of the population increases due to population drift from underdeveloped rural
to developed urban areas with economic opportunities such as employment and increases
in income (Castells-Quintana, 2018; Kuznets, 1955; Moreno, 2017). Metropolitan regions
are a critical potential factor reflecting human prosperity, development, and sustained eco-
nomic growth because they contribute to consumption, innovation, and investment in devel-
oped and developing economies (Moreno, 2017). As such, the population in urban regions
has been increasing because the migration to urban areas is increasing as individuals
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endeavor to improve their income, employment, education, trade, and commerce opportu-
nities and avail excellent communication and transportation services (Ahrend et al., 2017;
Ikwuyatum, 2016).

A contributing factor to bourgeoning urbanization and subsequent urban agglomeration
(unregulated, continuous concentration of individuals in urban regions) worldwide is the
uncontainable widening variation in wealth and economic resources across rural and urban
regions (Hardoon et al., 2016; Liddle, 2017; Tripathi & Kaur, 2017). Data from the World
Bank has demonstrated that the population in Africa is remaining in urban regions, which
supports the aforementioned finding. For instance, the World Bank reported that by 2030,
over 50% of Africa’s population will reside in metropolitan areas (World Bank, 2015a,
2015b; World Bank, 2019). Specifically, in Sub-Saharan Africa (SSA), the urban agglom-
eration has increased gradually, from 13.09 million people in 2000 to 14.35 million people
in 2010 and to greater than 17.97 million people in 2020, with a positive propensity for
further increases (United Nations Population Division, 2018; World Bank, 2022a, 2022b).

The sudden, unregulated upsurge in urban agglomeration presents conflicting outcomes
in developed and developing economies. On the one hand, it leads to positive economic
outcomes such as increased regional economic performance resulting from an increased
labor supply pool, specialization, and proximity to urban industries (Ahrend et al., 2017;
Maket, 2021). On the other hand, it leads to deleterious outcomes such as increases in
income inequality, urban poverty, and the share of the urban population residing in slums
and dilapidated urban settlements with inadequate access to public infrastructural services
and employment opportunities, negatively affecting overall well-being and urban livabil-
ity (Li, Chiu & Lin, 2019a, 2019b; Liddle & Messinis, 2015; Maket et al., 2022; Pereira,
2016; UN-Habitat, 2017).

SSA is among the world’s leading regions experiencing rapid urbanization and the
subsequent urban agglomeration coupled with insufficient government policy measures
to provide safe public services such as water, electricity, and sanitation within the major
metropolitan regions (Liddle, 2013; World Bank, 2020). This is attributed to the rela-
tive economic significance of this region’s urban areas. Most of the nations in this region
have relatively low incomes that vary based on the gross domestic product (GDP) pro-
duced (Liddle, 2013; United Nations, 2015). Therefore, no economy can realize sustain-
able economic growth without spontaneous urbanization and urban agglomeration, and
this argument has been empirically tested. For instance, Castells-Quintana and Royuela
(2015) observed that economic growth strongly correlates with urbanization and income
inequality. Moreover, most of the developing countries in SSA are experiencing difficulty
in overcoming the socioeconomic challenges due to urban agglomeration and continuous
urbanization in terms of providing adequate housing, health care, water, energy, schooling,
and employment (Manteaw, 2020; Tuholske et al., 2020; UN-DESA, 2018).

Parallel to SSA’s rapid urbanization and urban agglomeration is the widening income
inequality (Manteaw, 2020). Although fair post-reform economic development was sup-
posed to mitigate—to some extent—the rural and urban poverty of millions of people,
income inequality has widened due to the constant ineffective policy changes and ravag-
ing disparity in the distribution systems and preferences (Bloch et al., 2015). For instance,
income inequality measured in SSA by the Gini index averaged between 0.68 and 0.70
from 2000 to 2020, depicting widening income inequality (Standard World Income Ine-
quality Database, 2022; World Bank, 2022a, 2022b).

Because of the co-occurrence of the variables, the research question posed in this
study was whether increasing income inequality is nonlinearly related to urban agglom-
eration. Classical development theory, popularized by Kuznets (1955), considers urban
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agglomeration crucial in rearranging the developing economies dichotomized by rural sub-
sistence and an industrializing urban sector. The increasing rural-urban population drift is
a significant dimension of economic structural processes (Kuznets, 1955). As an increasing
number of individuals are migrating from the perceived lower-income rural agricultural
areas to the perceived higher-income urban industrial sector, income inequality increases
in the first urbanization stages and declines in later urbanization stages beyond the turning
point (Kuznets, 1955). Most economies in SSA have not passed the turning point—income
inequality is still increasing with urban agglomeration and is unlikely to begin to decline
in the short term (Kanbur & Zhuang, 2013). This evaluation is vital for SSA because its
income inequality is primarily attributed to widening rural-urban and urban—urban income
gaps; hence, urbanization cannot reduce the impact of the disparity due to inadequate fis-
cal capitation and government technical ability during first stages, but the impact can be
decreased after passing certain turning point (Bloch et al., 2015).

Against this backdrop, the innovation of this paper is its contribution to the literature of
new knowledge regarding the Sub-Saharan African context. First, this study attempted to
determine whether there is a nonlinear relationship between income inequality and urban
agglomeration, following an inverted U-shaped Kuznets hypothesis. Second, this study
used various estimation methods, such as pooled OLS, fixed effects (FE), random effects
(RE), difference, and system GMM, in estimating nonlinear relationships by using a sam-
ple of the latest data, from 2000 to 2020, from 22 countries in SSA. The study is unique
because of its primary focus: determining the validity of the inverted U-shaped Kuznets
hypothesis in the case of SSA, which requires further research. Moreover, this study aimed
to fill the gap in the literature due to the limitations of studies that have focused on SSA
(Adams & Klobodu, 2019; Nkalu et al., 2020). Thus, rather than determining how urban
agglomeration influences income inequality, we used current panel data to determine the
turning point of urban agglomeration, from which the income inequality curve starts to
decline.

The remainder of this paper is structured as follows: Sect. 2 presents the literature that
departs from the theoretical evaluation of the inverted U-shaped Kuznets hypothesis and
presents empirical evidence of either a linear or nonlinear relationship between urban
agglomeration and income inequality; Sect. 3 presents the data, data sources, and estima-
tion strategy; Sect. 4 presents the statistical results and discussions; and Sect. 5 summa-
rizes the findings, draws deductive conclusions, and proposes policy recommendations.

2 Literature Review

Urban agglomeration refers to the concentration of individuals in urban regions orches-
trated by rapid urbanization and rural-urban migration (Duranton, 2015). Thus, increased
urban agglomeration (urban share of population) creates income inequality (economic dif-
ferences) in terms of access to social amenities, employment opportunities, and the general
well-being of the urban population (Brulhart & Sbergami, 2009; Harris & Todaro, 1970).
Therefore, to theorize the relationship between urban agglomeration and income inequal-
ity, we first evaluated the inverted U-shaped Kuznets curve (Fig. 1), fronted by Kuznets
(1955), in a specific region. Next, we explored income inequality in the regional context by
considering urban agglomeration driven by the urbanization rate.

In Fig. 1, income inequality is plotted on the y-axis. The urban share of the population
is displayed on the x-axis to show the nonlinear or quadratic relationship between income
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Fig. 1 Inverted U-shaped Kuznets Curve: Urban Agglomeration and Income Inequality. Source Anand and
Kanbur (1993)

inequality and urban agglomeration (urban share of the population) (Anand & Kanbur,
1993). Illustratively, as urban agglomeration increases, income inequality increases in the
initial stages, peaks at some level, and then deepens under the prevailing increasing urban
share of the population throughout the urbanization and economic processes. Therefore,
according to Kuznets (1955), urban agglomeration pursued by rural-urban migration pro-
cesses fundamentally increases income inequality during the early stages of urban agglom-
eration. Additionally, as urban agglomeration increases, urban economic performance and
industrialization widen the per capita income gap among the urban population (Anand &
Kanbur, 1993).

Kuznets (1955) further outlines urbanization’s contribution to the nonlinear relationship
between urban agglomeration and income inequality. This study considered urbanization a
significant factor in increasing the speed of urban agglomeration and subsequent general
income inequality in a region (Ha et al., 2019; Krugman, 1991). The rate of urbanization
propels the urban agglomeration and economic performance of the urban areas, at least
during the first stages of progress, signifying that a balance exists between urban agglomer-
ation and income distribution beyond a specific turning point (Brulhart & Sbergami, 2009).
Income inequality results from urban agglomeration and regional economic performance
(Harris & Todaro, 1970; Lewis, 1954).

In summary, the Kuznets model explains the variation in income distribution in the first
stages of urban agglomeration, and it decreases in later stages of urban development and
population growth. With the illustration above, Kuznets depicts an inverse U-shaped (non-
linear or quadratic) relationship between urban agglomeration and income inequality. Thus,
the continuous migration of individuals from rural to urban regions is inherently linked
with increased income inequality by increasing the share of the urban population in the
early stages of urbanization (Ha et al., 2019).

In agreement with the theorized nonlinear relationship, Liddle (2017) empirically
observed that increasing economic growth reduces poverty and narrows the rural-urban
income gap. For instance, if a more significant share of the rural population migrates to
urban regions with disproportionate urban economic opportunities, they become unem-
ployed or engage in casual jobs which cannot fulfill their basic needs, worsening their
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income gap (Arouri et al., 2017; Tuholske et al., 2020; UN-Habitat, 2017). Nonetheless,
if the size of the rural-urban population matches the urban regions’ number of available
economic opportunities, urbanization could be linked to reduced income inequality at later
stages (Khan et al., 2016). Similarly, Wu and Rao (2017) found supportive evidence of
a nonlinear or inverted U-shaped relationship between urban agglomeration and income
inequality in provinces in China. In a subsequent study in Mozambique, Mahumane and
Mulder (2022) observed an inverted U-shaped relationship between urban agglomeration
driven by urbanization and income inequality associated with energy expenditure. More-
over, Christiansen and Weerdt (2017) used Tanzanian data between 1991 and 2010 and
observed no significant relationship between urban agglomeration and income inequality.
Focusing on SSA from a regional perspective, Adams and Klobudu (2019) and Sulemana
et al. (2019) have observed an inverted U-shaped relationship between income inequality
and the urban share of the population.

We divided the empirical literature into two broad categories. One category com-
prises studies on the relationship between urban agglomeration from an in-country analy-
sis perspective (Castells-Quintana et al., 2015; Chen et al., 2017; Cottineau et al., 2019;
Christiansen & Weerdt, 2017; Mahumane & Mulder, 2022; Martinez Posada & Garcia,
2017; Wu & Rao, 2017). The other category comprises studies that used cross-country or
regional analysis, a growing literature strand that is shifting the research focus on world
sample (Castells-Quintana et al., 2015; Li & Liu, 2018; Li et al., 2019a, 2019b; Naguib,
2017). Nevertheless, a growing number of studies is shifting the latest strands of the litera-
ture (cross-country or regional) from developing regions, such as the Sub-Saharan African
perspective (Adams & Klobodu, 2019; Castells-Quintana, 2018; Sulemana et al., 2019).

The reviewed studies confirm the existence of a significant relationship between urban
agglomeration and income inequality. However, further research is necessary to understand
the exact relationship in the context of SSA and whether it follows the inverted U-shaped
hypothesis. Due to the increasing policy and research focus on SSA, our paper contrib-
utes to the literature by presenting granular evidence on whether the relationship between
urban agglomeration and income inequality is nonlinear and follows an inverted U-shaped
hypothesis by using a sample of 22 countries in SSA; the current dataset from 2000 to
2020; and the panel dynamic data model estimated by pooled OLS, FE, RE, difference, and
system GMM techniques.

3 Data and Methodology

We used a balanced panel dataset from 22 countries in SSA from 2000 to 2020. The data
availability informed the inclusion of the countries and period of urban agglomeration
data; thus, countries with data breaks were dropped from the initial list of all 48 coun-
tries in SSA, and only 22 fulfilled this threshold. Regarding variable inclusion, we included
income inequality as the dependent variable, measured by the Gini index (Gini, 1909).
Specifically, this study considered the Gini index computed from mean income differences
in the country’s population while excluding location, age, and employment status (Solt,
2016). The panel data for income inequality was sourced from the Standardized World
Income Inequality Database, a source derived from World Income Inequality Database,
owing to its ability to include imputation or fill data gaps (Jenkins, 2015). Moreover, the
Standardized World Income Inequality Database was used as the primary source of income
inequality owing to its current data compilation, which was the main focus of this study
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(Clark, 2013; Jenkins, 2015). Urban agglomeration measured by the urban share of the
population was included as the independent variable. Urban agglomeration was measured
using the urban share (%) of the population determined by dividing the total urban popu-
lation by the country’s population (Frick & Pose, 2018). Additionally, the urban share of
the population from agglomerations above a 1 million thresholds was included as an addi-
tional measure of urban agglomeration for a robustness check (Asogwa et al., 2020; Frick
& Pose, 2018). The summary of the study variables, measures, and data sources is shown
in Appendix L.

Before proceeding, we must present some stylized facts about urban agglomeration and
income inequality trends in SSA from 2000 to 2020. Income inequality growth averaged
62%, and the mean share of the urban population growth of the 22 selected countries in
SSA was 37.4% over the period. Similarly, the average growth of the urban share of the
population in agglomerations with more than 1 million people was 16.5% (see descrip-
tive statistics in Appendix II). More notable than the aforementioned data is the increasing
urban agglomeration, where the urban share of the population increased from 31% in 2000
to 36% in 2010 and 41% in 2020 (World Bank, 2023). In the same breath, income inequal-
ity in SSA averaged approximately 69% between 2000 to 2007 before slightly declining to
an average of 68% between 2008 and 2016. Further, the recent income inequality growth
averaged 67% from 2017 onward (Standardized World Income Inequality Database, 2023;
World Bank, 2023; Solt, 2016).

Moreover, to establish the empirical link between urban agglomeration and income ine-
quality, we included control variables, such as urbanization rate, regional economic perfor-
mance, industrialization, education level, and governance policy preferences, identified in
the literature as structural factors influencing both urban agglomeration and income ine-
quality (Bloom et al., 2010). The datasets of these variables were obtained from the World
Bank Development Indicators, World Governance Index, and World Penn World Tables
(Heston et al., 2012). Regional economic performance due to high labor productivity and
a large pool of skilled individuals migrating from rural to urban regions was included to
capture the structural implication of the increasing urbanization rate, compounded by
rural-urban migration (de Bruin & Liu, 2020; Lengyel & Szakalné, 2012, 2018). For
instance, the wage income per capita decreases with income per capita at the early stages
of development before declining at the later stages of the increasing urban share of the
population (Behrens et al., 2014; Kuznets, 1955).

We included industrialization as a control variable measured by the number of
employed individuals in urban industries (Altunbas & Thornton, 2019). It increases the
rate of urbanization; urban agglomeration; and, subsequently, income inequality. Notably,
the continuous migration of individuals from rural areas creates competition for the limited
employment and opportunities in urban areas (Ali et al., 2021; Ike et al., 2020). Similarly,
we incorporated the urbanization rate as part of the control variables measured by the ratio
of the urban share of the population and the country’s share of the rural population. We
used this method because the literature has found that rural-urban migration is the key
driver of the pace of urban agglomeration growth; moreover, income inequality in that the
rural-urban income gap measured by the difference of agricultural rural sector employ-
ment and industrial urban sector employment income has a most considerable marginal
impact on the income inequality (Khan et al., 2020). Ideally, as individuals migrate from
rural to urban regions, the income gap between the rural and urban populations widens the
gap in income inequality (Guo et al., 2019).

The study also included education level computed as the human capital index per
person from schooling years and returns to education as part of the structural measures
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preceding rapid urbanization and urban agglomeration, where individuals migrate to cit-
ies searching for education and career opportunities (United Nations, 2019; UN-Habitat,
2017). The continuous concentration of skilled youths from diverse backgrounds with
their various innovative ideas creates a labor force pool around urban industries. Income
increases at the first phase of education before decreasing later as returns to education
decrease, as indicated by the high unemployment rate among youths in SSA (Castells-
Quintana, 2017; Tripathi, 2021). Last, the study considered governments’ policy prefer-
ences in containing the socioeconomic challenges posed by rapid urbanization in terms
of their effectiveness in implementing and monitoring public provisioning service poli-
cies such as urban infrastructural development (Fossaceca, 2019; Satterthwaite et al.,
2015; Thacker et al., 2019). Notably, SSA, similar to most of the urbanizing regions,
is attempting to manage the increasing numbers of slums and unplanned settlements,
in which over 50% of the population reside under the acute proliferation of inadequate
access to sanitation, water, and energy services (Castells-Quintana, 2017; UNDP,
2016; Shi, 2019).

This study followed a dynamic panel data model of income inequality and urban
agglomeration in line with pastulations of Elhorst (2014) in a quadratic form as follows:

Beginning with the panel dynamic data model in a reduced linear format:

G, =ay+a,Gy_ + fUA;, +yUrbF, +n; + u+ €, 5i=1,...,N, t=1,....T (1)

By stating Eq. (1) in a nonlinear dynamic panel model, we expressed income inequal-
ity as equivalent to urban agglomeration and its squared term together with the remaining
control variables as follows:

G;, = ay+ a,G;,_y + pyUA; + BUA’ + yUrbF,, + n; + u+ €, )

where G,, is income inequality (Gini index), G,,_, is lagged income inequality, UA and UA>
are the matrix of the independent variable (urban agglomeration and its squared term)
measured by the urban share of the population (ratio of total urban population to country’s
population) and the urban share of the population from agglomerations more than 1 mil-
lion people, and UrbF;, is the vector of the unobserved urbanization factor covariates of
income inequality taken care of by the aforementioned control (urbanization, industrializa-
tion, regional economic performance, education level, and government policy preferences).
The intercept is defined by &, p, is the slope parameter for urban agglomeration, y is the
coefficient’s vector for the control variables, n; is the FE of the region i, y, is the RE at a
particular time ¢, and the random error term is ¢;, (Baltagi, 2008; Bond, 2002; Dang et al.,
2015; Hsiao et al., 2002). The subscript indexes i refer to country 1,...,22, and ¢ refers to
time in years from 2000 to 2020.

Dynamic panel data models (1) and (2) were estimated using different estimation meth-
ods—pooled OLS, FE, RE, difference GMM, and systems GMM—because the use of
pooled OLS, for instance, by default, assumes that at least a portion of the regression esti-
mators is similar across the entire panel (pooling assumption) (Alvarez & Arellano, 2022).
For this reason, Arellano and Bond (1991) and Arellano and Bover (1995) have proposed
that GMM estimators are capable of producing unbiased estimates when the panel data has
sufficiently large cross-sections (N) and short time series components (T), as is the case in
this study where N = 22 and T = 21. Particularly, GMM techniques present the ability to
use the difference operator A (difference GMM), a system of equations consisting of lag
levels and lagged first differences as instrumental variables (system GMM), ideal for tak-
ing care of probable FE and Nickel bias (Nickell, 1981; Roodman, 2009). Expressly, the
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system GMM technique assumes that additional first difference instruments are uncorre-
lated with the FE, dramatically enhancing estimation efficiency (Hansen, 1982; Roodman,
2009).

Summarily, all the variables whose measurements were in percentages—urbanization
rate (ratio of urban population to rural population), the urban share of the population, the
share of the urban population from agglomeration above 1 million (measures of urban
agglomeration), the share of the population employed in urban industries (industrialization
measure), and GDP per capita growth (a measure of regional economic performance)—
were converted into an index or ratio form to maintain uniformity with the other variables
measured in ratios (i.e., income inequality [Gini index], human capital index, and policy
preference [governance effectiveness index]) and ensure a uniform distribution of approxi-
mately zero (skewness). First, in our estimation process, we assessed the order of integra-
tion of the study variables to determine whether they were stationary. We employed several
panel unit root tests, such as those in Levin et al. (2002), known as LLC, and Im et al.
(2003), known as the IPS test, to check for stationarity traits. LLC and IPS perform well
in cases of panels with a small T. Our rationale for using panel unit root tests (i.e., IPS and
LLC) instead of first-generation unit root tests (ADF and PP) was to increase the robust-
ness of the test by using the available information provided by the cross-sections under
consideration. Moreover, we employed the augmented cross-sectional IPS (CIPS) by Pesa-
ran (2007) to account for the possibility of cross-sectional dependence in our panel data.
Any dataset found not stationary was differenced to the first or second difference to make
it stationary.

4 Empirical Results and Discussion

Figure 2 presents the relationship between urban agglomeration and income inequality fol-
lowing an inverted U-shaped Kuznets curve. In the first panel, the scatter plot shows an
increasing relationship in the initial stages of urban agglomeration, peaking at some point
and decreasing at later stages. The second panel shows the two-way plot with a turning
point indicated by the vertical red line. Using Stata software, the turning point was 0.6206,
calculated using regression coefficients (Fig. 2).

Note: The turning point shown by the vertical red line and the value of the urban share
of the population at the turning point was generated using Stata software using command
codes attached in Appendix III.

Turning point calculation follows a regression expressing average income inequality
as a function of the average urban share of the population and its squared value for the
selected countries over the period stated as follows:

Income inequality = f, + p, * Urbanshare pop + f, * Urbanshare pop’ 3)

By differentiating Eq. 3 with respect to the urban share of the population and equating
the outcome to zero, we obtained

B, + B, * 2 * Urban share pop =0 4)

Letting the urban share of the population be the subject of the formula in Eq. 4, we
obtained the turning point value of the urban share of the population when the curve starts
tilting:
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Thus, the turning point of the inverted U-shaped Kuznets curve occurred when the

urban share of the population is at a 62.06% mark.

The cross-sectional dependence (CD) and panel unit root tests’ findings using the
second generation unit root test are presented in Table 1 in level form, first difference,
and second difference. Beginning with CD, the null hypothesis of no presence of cross-
sectional dependence failed to be rejected for income inequality and government pol-
icy preference, implying the absence of cross-sectional dependence. However, the null
hypothesis of no presence of cross-section dependence was rejected for the urban share

@ Springer



942 I. Maket et al.

Table 1 Panel stationarity and cross-sectional dependence. Source Author’s Computation from Eviews 12
(2023)

Variable LLC 1PS CIPS CD Status
Income inequality —4.364+* —3.568%%* —3.326%* —1.811 1(0)
Urban share of population —28.114%* —14.235 —2.883%%* —2.161%%* 1(2)
Urban share above |M —3.064%** —7.383% —2.095%: 31.067** 1(2)
Urbanization rate —42.305%* —18.222%%* —2.3927%%* 55.452%%* 1(2)
Industrialization —3.478%%* —3.366%* —2.293%%* 6.362%* I(1)
GDP per capita growth —8.314%* —12.751%%* —3.043%%* 13.762%%* I(1)
Human capital index —4.273%* 3.063 —2.635%%* 67.947%%* (D)
Policy preference —2.487%* —2.158%%* —2.815%%* —1.438 1(0)

“indicates significant probabilities of the unit root and cross-sectional dependence (CD) tests at a 5% con-
fidence interval. Urban Share Above 1M is the share of urban from agglomeration with more than 1 million
people.

of the population, urban share above 1 million, urbanization rate, industrialization, GDP
per capita growth, and human capital index, implying the presence of CD. Further, the
null hypothesis of the presence of the unit root is rejected for income inequality and
policy preference in level form when using LLC and IPS, implying integration to order
0 (I (0). Additionally, LLC and IPS statistic values are significant at 5% for industriali-
zation, GDP per capita growth, and human capital index at the first difference, implying
the rejection of the null hypothesis of the presence of the unit root and that the variables
are integrated to order 1 (I (1).

Moreover, LLC and IPS statistical values are significant at 5%, signifying the rejec-
tion of the null hypothesis and the conclusion that the urban share of the population,
urban share above 1 million, and urbanization rate are integrated to order 2 (I (2). Last,
we assessed whether the variables were stationary regardless of the presence of CD.
CIPS confirmed significance for all variables, implying that all variables are station-
ary in CD. Therefore, because the variables are stationary in different forms, namely, a
level form (I (0), the first difference (I (1), and the second difference (I (2), considering
testing for the relationship between variables using pooled OLS, FE, RE, difference and
system GMM models is necessary.

After confirming the variables’ panel unit root and CD, we empirically modeled the
nonlinear relationship between urban agglomeration and income inequality. Pooled
OLS, FE, and RE were used as benchmark techniques. The conclusion and observation
are from the difference and system GMM regression results. Four principles informed
this decision: (i) N = 22 is considerably greater than T = 21, although this T may pro-
duce unreliable estimates if the conclusion is based entirely on pooled OLS, FE, and RE
(Maket et al., 2023; Dorn & Schinke, 2018); (ii) the income inequality measure (Gini
index) is persistent over time and has a weak correlation with its first lag (-0.3023),
lower than the threshold of establishing a good relationship between a variable and
itself (Asongu & Aca-Anyi, 2019); (iii) GMM methods help preserve cross-economy
variations, given the presence of CD and potential endogeneity among regressors in our
panel data; and (iv) GMM methods mitigate all time-invariant and unobserved hetero-
geneity country-specific effects and account for simultaneity in the independent variable
(Bond & Windmeier, 2002; Tchmyou et al., 2019).
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Further, in choosing between the difference and system GMM, we used the estimated
findings of pooled OLS, FE, RE, and difference GMM and compared the corresponding
values of a in the dynamic panel model in Egs. 1 and 2 (Baum-Snow & Pavan, 2013). In
this case, pooled OLS and FE were regarded, correspondingly, as upper-bound and lower-
bound estimates of «,. Because a priori expectation is that a;, is correlated positively with
the error term (¢;,), the pooled OLS value will be biased upward, and the FE value will be
biased downward; thus, the estimated GMM value for the valid parameter should be within
this range (Bond, 2002; Roodman, 2009). Additionally, the Hausman test was conducted
to determine whether relying on the FE or RE estimate of a, (Hausman, 1978). RE was
relied upon because the null hypothesis that FE is more appropriate than RE was rejected
(Tables 2 and 3).

Table 2: Pooled OLS, FE, RE, difference, and system GMM model linearity results. Source Estimations
from Eviews 12 and Gretl (2023)

Variable Pooled OLS (1) FE (2) RE (3) GMM-Diff (4) GMM-Sys (5)
Const. —0.001 0.066%**  (0.009 0.0002 0.011
(0.007) (0.023) (0.009) (0.001) (0.008)
Income inequality (-1) 0.998%3#:* 0.903%##* (), 98]*#** (), 792%** 0.97 1%
(0.014) (0.035) (0.018) (0.019) (0.014)
DD_Urban share —-1.731 -2.077 —-1.727 —2917* —2.968%***
(1.695) (2.037) (1.624) (1.516) (1.133)
DD_Urban share >1M —0.003 —0.0005 1.131E-5 —0.031 —0.004
(0.023) (0.023) (0.023) (0.059) (0.051)
DD_Urbanizataion rate 0.771 0.595 0.680%* 0.614 0.834%*
(0.494) (0.372) (0.409) (0.509) (0.386)
D_GDP per capita growth —-0.015 -0.017 -0.021 —0.001 —0.004
(0.041) (0.036) (0.040) (0.006) (0.005)
D_Industrialization 0.235%:#* 0.263%%*  (,252%*%  (),303%** 0.272%3%:%
(0.076) (0.086) (0.0772) (0.0373) (0.043)
Governance policy preference 0.001 0.003 0.002 0.004%* 0.002%*
(0.001) (0.004) (0.001) (0.002) (0.001)
Human capital index 0.003%#:%* —0.001 0.003 0.013%%:* 0.004
(0.002) (0.008) (0.002) (0.005) (0.001)
Year FE YES YES YES YES YES
Time dummies YES YES YES YES YES
F-statistic 19.689%* 85.237#*  2.765%*
Hausman test 32.32%%%
Wald Chi? 1980.0%** 14370.3%%*
Hansen’s J-stat 433.84 688.522
AR(1) —2.306 —2.450
AR(2) -2.692 —3.743
N 418 418 418 396 396

All columns included the lagged income inequality as part of the exogenous. Also, all estimations were
done with the inclusion of asymptotic standard errors and time dummies. The standard errors are in paren-
theses. For Difference and System GMM estimations, model adjustment from the 1-st step to the 2-step
was considered, out of which the model with reliable estimates was reported. D and DD denote the first and
second differenced variables.

“p <0.05, #*p < 0.01, *p < 0.1.
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Table 3 Non-linear estimates of pooled OLS, FE, RE, difference and system-GMM. Source Estimations
from Eviews 12 and Gretl (2022)

Variable Pooled OLS (1) FE RE GMM-Diff (4) GMM-Sys (5)
2 3)
Const. —0.001 0.078%:#:* 0.006 0.001 0.002
(0.008) (0.028) (0.008) (0.004) (0.001)
Income inequality (-1) 0.998#3#* 0.894 %% 0.985%%*  (,812%** 0.795%%#%
(0.015) (0.040) (0.018) (0.018) (0.060)
DD_Urban share -1.771 —1.824%*%*  —1.192 0.913%#* 0.860%#*
(2.047) (3.050) (2.075) (2.273) (1.352)
DD_Urban Share.Sq —2.708 0.636%:#* —2.045 1.084%3#:% 0.705%3#:*
(2.704) (2.264) (2.315) (1.883) (2.065)
DD_Urban share >1M —0.029 —0.094* —0.680 —-0.154 0.006
(0.063) (0.053) (0.060) (0.156) (0.022)
DD_Urbanisataion rate 0.778 —0.532%*%* (.321 —0.80%:#* —0.569%%*
(0.926) (1.727) (0.944) (1.603) (1.916)
DD_Urbanisataion rate.Sq 1.514 —0.726%**  —0.863 — 1.34%5%:% —0.302%%:%*
(2.223) (0.766) (0.934) (0.756) (0.832)
D_GDP per capita Growth —0.007 —0.006 —0.007 —0.003 —0.006
(0.007) (0.005) (0.006) (0.005) (0.005)
D_GDP per capita Growth.Sq —0.010 —0.022 -0.016 0.024 —0.020
(0.043) (0.037) (0.043) (0.037) (0.036)
D_Industrialization 0.239%#:* 0.270%** 0.249%%*  (0.260%** 0.230%*
(0.078) (0.083) (0.078) (0.055) (0.083)
Governance policy preference 0.001 0.002 0.002 0.005%* 0.001
(0.001) (0.004) (0.001) (0.002) (0.005)
Human capital index 0.003 -0.003 0.003 0.009%3** 0.002
(0.002) (0.007) (0.002) (0.002) (0.012)
Year FE YES YES YES YES YES
Time dummies YES YES YES YES YES
F-statistic 17.154%:% 4.8827%:* 2.765%:
Hausman test 1.987%*
Wald Chi? 1980.0%* 14370.3%*
Hansen’s J-stat 435.1 171.210
AR(1) —2.759 —3.567
AR(2) —2.436 —4.122
N 418 418 418 396 396

All variables are measured at the beginning of the period. The time spans from 2000 to 2020. All columns
included the lagged income inequality as part of the exogenous. Also, all estimations were done with the
inclusion of asymptotic standard errors and time dummies. The standard errors are in parentheses. D and
DD denote the first and second differenced variables.

“p < 0.05, #*p < 0.01, *p < 0.1.

Table 2 presents the pooled OLS, FE, RE, difference, and system GMM regression
results. The pooled OLS, FE, and RE estimates of income inequality as determined by
urban agglomeration and selected control variables are shown in columns 1, 2, and 3. Col-
umns 4 and 5 report the complete dynamic panel model estimates that used the difference
and system GMM techniques, with all control variables included. However, as indicated,
the estimate (a, = 0.011) for system GMM was within the threshold required between the
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pooled OLS estimate (&, = —0.001) and RE estimate (¢, = 0.009). Therefore, we followed
the system GMM findings, which showed a significant negative relationship between the
urban share of the population (urban agglomeration measure) and income inequality at a
1% confidence interval (column 5). Further, the system GMM findings showed that con-
trol variables (urbanization rate, industrialization, and governance policy preference) were
significant and positively related to income inequality at 1%, except for the human capi-
tal index and D_GDP per capita growth (column 5). The results also showed insignificant
Hansen’s J-statistics for system GMM, depicting no evidence of model misspecification. In
addition, the AR (1) and AR (2) serial correlation statistic values were statistically insignif-
icant, demonstrating the absence of serial correlation in the error terms (Arellano & Bond,
1991). The Wald and F-statistic values were significant at 5%, indicating the overall signifi-
cance of the parameter estimates of the models under consideration.

We estimated the dynamic panel model in Eq. 2 to test for the nonlinearity (confirma-
tion of inverted U-shaped Kuznets hypothesis) between urban agglomeration and income
inequality.

G, = ay+ a,G;,_| + pyUA, + BUA: + yUrbF,, + n; + u+ €, )

We effected this by including the urban share of the population and its squared term.
Moreover, we included the urbanization rate and GDP per capita growth together with their
squared terms and the remaining control variables in their unit form. Urbanization and
GDP per capita growth were included in the nonlinearity analysis because, as aforemen-
tioned, income inequality tends to increase in early states of urbanization when economic
performance is developing and decrease in later stages of urbanization when economic
systems improve, and the majority of urban residents can access improved state provision
and economic opportunities (Wu & Rao, 2016; Zhou & Qin, 2012). As shown in Table 3,
including the quadratic term of the urban agglomeration, urbanization rate, and GDP per
capita growth in all the models produced results different from those in Table 1. First, the
results showed a significant positive relationship between the urban share of the population
and income inequality at a 1% significance level (column 5). Second, imposing a quadratic
term on urban agglomeration (urban share of population), the results revealed a significant
positive relationship between the squared value of the urban share of the population and
the income inequality at a 1% significance level, implying a nonlinear relationship between
urban agglomeration and income inequality in SSA (column 5).

The results also showed a significant negative relationship between the urbanization rate
and income inequality. Similarly, imposing a quadratic term on the urbanization rate meas-
ure, the relationship remained significantly negative at a 1% significant interval, imply-
ing that urbanization exhibits a nonlinear relationship with income inequality (column
5). However, GDP per capita growth and its square value did not significantly influence
income inequality. The GMM-system results demonstrated a significant positive relation-
ship between industrialization and income inequality. The Wald Test was significant in all
the dynamic models, signifying the reliability of the findings in making deductions. Fur-
thermore, Hansen’s J-statistics were insignificant, depicting the correct specification of the
difference and system GMM models. In addition, the AR (1) and AR (2) serial correlation
statistic values were statistically insignificant, demonstrating the absence of serial correla-
tion in the error terms (Arellano & Bond, 1991).

The reviewed literature provided significant evidence regarding the nonlinear rela-
tionship between urban agglomeration and income inequality. Although some studies
have confirmed a linear relationship, and others have established a nonlinear relationship
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between urban agglomeration and income inequality, our case focusing on SSA showed a
significant nonlinear relationship. Mainly, the conflict in the literature can be attributed to
the difference in a particular region’s urban agglomeration level. In this study, we focused
on determining whether there is a significant relationship between urban agglomeration
and income inequality and whether the relationship is nonlinear in SSA. Our findings align
with the theoretical fact in the inverted U-shaped Kuznets hypothesis: income inequality
increases with urban agglomeration at the first stage, peaks in the middle, and decreases at
later stages of urban agglomeration. The study modeled the nonlinear relationship between
urban agglomeration and income inequality by using balanced panel data from 2000 to
2020 for 22 countries in SSA by using a dynamic panel data model estimated using multi-
ple methods: pooled OLS, FE, RE, difference GMM, and system GMM estimation. How-
ever, all deductions were based on system GMM results.

This study used the urban share of the population and its quadratic term as measures
of urban agglomeration in estimating a nonlinear relationship between urban agglomera-
tion and income inequality. The results showed a significant positive relationship between
urban agglomeration and income inequality. Further, imposing a quadratic term on the
urban share of the population produced similar findings. Collaboratively, these findings
align with the theoretical assertions of Kuznets (1955). Two arguments justify this observa-
tion. First, increasing agglomeration at the first stages occurs due to increased rural-urban
migration, resulting in high-income differences as individuals take time to settle and find
livelihoods owing to unmatching skills and education transitions in their early years in the
urban regions (World Bank, 2019). Second, at the peak of urbanization, few individuals
may be forced to migrate to greener cities, leaving a sizable number of economic oppor-
tunities to the remaining individuals, causing income inequality to decrease gradually as
additional individuals access improved incomes, government services, and returns to edu-
cation (Demont, 2013).

5 Conclusion and Policy Recommendations

We aimed to evaluate the nonlinear relationship between urban agglomeration and income
inequality in SSA. We used a balanced panel dataset from 2000 to 2020 for 22 countries
in SSA to empirically test the theoretical underpinnings of the inverted U-shaped Kuznets
hypothesis (Kuznets, 1955). The system GMM results revealed a significant nonlinear rela-
tionship between urban agglomeration and income inequality in SSA, aligning with the
inverted U-shaped Kuznets hypothesis and empirical studies in the literature, which con-
firmed a nonlinear relationship.

Based on our findings, our conclusion is that income inequality increases with urban
agglomeration through increased rural-urban migration, which shifts the skilled labor fac-
tors of production to formal urban regions, leaving informal and rural sectors with lim-
ited economic productivity (Liddle, 2017). Moreover, the disproportionate productivity
and the inappropriate state policy preferences that focus on engaging hopeful rural-urban
migrants in economic production contribute to competition for limited resources in the
urban region in their early years in cities (Liddle, 2013). Regarding the second part of the
inverted U-shaped Kuznets curve, an argument could be that income inequality starts to
decline when the majority of the urban population is accessing improved public provisions
and returns to education, resulting from the distributive power of government through
increased urban investment and development (Kanbur & Zhuang, 2013). Moreover, scaled
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industrialization through public—private partnerships and increased government investment
capacity regarding social amenities, such as water, sanitation, and energy access, results
in a gradual decline in income inequality at later urbanization stages (Castells-Quintana,
2017). However, the critical policy puzzling question is what can be done to ensure that the
inflection or turning point of the inverted U-shaped Kuznets curve occurs sooner than what
has been observed.

In line with this deduction, we propose several policy recommendations for the rapidly
urbanizing region of SSA. First, economies in SSA should tap into the increasing active
population migrating to cities by implementing urban policies that favor employment crea-
tion, improved accessibility to social amenities supported by scientific and technological
innovations, and a favorable business environment. These improvements can be achieved
using collaborative inward-looking industrialization frameworks such as public—private
partnerships. Moreover, business and scientific innovation opportunities can be increased,
as Nkalu et al. (2020) suggested.

Additionally, the leadership and development stakeholders in SSA should review poli-
cies from fiscal allocation to social development, such as those involved in providing qual-
ity education and improving access to health care (Lee, 2005). These policy measures will
ensure the distributional effect of the productive urban and rural populace. Last, govern-
ment agencies charged with the responsibility of urban development should dissuade their
focus on decentralizing services and development projects because this will be the means
to opening up the peri-urban and connecting rural regions in SSA through industrialization
and ago-processing (Sow, 2015; Sulemana et al., 2019). To achieve this objective, develop-
ment agencies in the agricultural sector should enact policy incentives to make agricul-
ture attractive to educated and uneducated individuals, reducing massively the rural-urban
migration pushed by the perception that migrating to urban results in better jobs and eco-
nomic prosperity than if they remained in their rural communities (Nkalu et al., 2020).

Overall, our findings reveal the need to chat a new development path that is pegged on
enhancing a favorable governance environment in terms of quality government policy pref-
erences and effectiveness in policy implementation. The net impact is that working institu-
tions in SSA are pivotal in realizing rural-urban migration to ensure that the income ine-
quality turning point comes early enough. As pointed out by Adams and Klobodu (2019)
and Sy (2016), sound governance policy preferences and effectiveness, driven by account-
ability, and strict oversight, SSA can overcome the widening income inequality, retarding
economic performance, and biting urban poverty.

Appendix I: Variable description, measurements, and data sources

Variable name Measure Data source Source URL link
Income Inequality Gini index SWIID https://tsolt.org/swiid/
swiid_source/.
Urban Agglomeration Urban share (%) of World Bank https://data.worldbank.org/
Measure 1 population determined indicator/SP.URB.TOTL.
by dividing total urban IN.ZS?locations=ZG.

population by total
country’s population.
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Variable name Measure Data source Source URL link
Urban Agglomeration Share (%) of urban popu-  World Bank https://data.worldbank.
Measure 2 lation in agglomeration org/indicator/EN.URB.
of more than 1 million MCTY.TL.ZS?locations=
people. ZG.

Urbanisation rate The ratio of the urban World Bank/UNDP https://data.worldbank.org/
population to the rural indicator/SP.URB.TOTL.
population IN.ZS?locations=ZG. and

https://data.worldbank.
org/indicator/SP.RUR.
TOTL.ZS?locations=ZG.

Industrialization Share (%) of the popula- ~ World Bank https://data.worldbank.org/
tion employed in urban indicator/SL.IND.EMPL.
industries ZSMNocations=ZG.

Economic Performance GDP Per Capita Growth World Bank https://data.worldbank.org/
(annual % change) indicator/NY.GDP.PCAP.

KD.ZG%ocations=ZG.

Policy Preferences Governance Effectiveness WGI/World Bank  https://info.worldbank.org/
Index proxy measure governance/wgi/.

Education Level Human Capital Index per ~ World Penn Tables https://febpwt.webhosting.
person calculated based rug.nl/Dmn/AggregateXs/
on years of schooling PivotShow.
and returns to education

Source: Author’s construction (2023).

Appendix II: Descriptive statistics

Variable name N Mean Maximum Minimum Std. dev.

Income inequality 462 0.6205 0.7615 0.5231 0.0504

Urban share 462 0.3739 0.6783 0.1461 0.1474

Share above 1m 462 0.1647 0.6318 0.0335 0.1163

Urbanisation rate 462 0.7036 2.1084 0.1711 0.4699

Industrialization 462 0.1061 0.2879 0.0284 0.0523

GDP per capita growth 462 0.0155 0.1994 — 0.0437

Human capital index 462 1.7478 29133 1.0695 0.4242

Policy preferences 462 -0.8289 0.6459 - 1.8414 0.4397

Source Author’s Computations from Eviews 12 (2023).
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Appendix lll: Turning point regressions and plots

twoway qfit IncomeInequality UrbanSharePop

gen UrbanSharePopSQ = UrbanSharePop*2

reg IncomeInequality UrbanSharePop UrbanSharePopSQ

di -_b[UrbanSharePop]/(2 * _b[ UrbanSharePopSQ ])

local tp = -_b[UrbanSharePop]/(2 * _b[ UrbanSharePopsQ ])
twoway qfit IncomeInequality UrbanSharePop , xli( tp')|

Variable Coefficients

Constant () 3198 (0.3632)

Urban share of population (8 ) 0.99356** (1.2145)
Urban share of population SQ (/32) — 0.80046** (0.9997)

Source Author’s Computations from Stata 17 (2023).
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