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ABSTRACT

Africa has recently experienced significant infrastructure endowments alongside unprecedented urbanization,
leading to increased demand for infrastructure services. This paper empirically examines the relationship be-
tween urban infrastructure and urbanization across 42 African countries from 2005 to 2021. Utilizing panel data,
we employ a 2-step system Generalized Method of Moments (GMM) approach, with six specifications based on
infrastructure type. The findings indicate that (i) the impact of urbanization on infrastructure development varies
by infrastructure type, generally showing a positive effect; (ii) economic growth enhances all infrastructure
types, with a 10 % increase in GDP leading to a 4.2 % improvement in broadband infrastructure; (iii) industrial
production's effects are mixed across infrastructure types; and (iv) trade openness has a dual influence, positively
affecting overall infrastructure and most ICT components, while negatively impacting fixed broadband sub-
scriptions and electricity infrastructure. Additionally, a cluster-based analysis is conducted to simulate infra-
structure development, categorizing variations in development stages and configurations. The study discusses

policy implications derived from these findings.

1. Introduction

The crucial role of infrastructure has gained worldwide attention in
the literature, particularly after the pioneering study by (Aschauer,
1989). Urban infrastructure—referring here to transportation, energy,
Information and Communication Technology (ICT), water, and sani-
tation—directly affects the livelihood, mobility, health, and quality of
life of people. Thus, it is essential for ensuring the sustainability and
resilience of communities. The UN's SDG9 underscores the importance
of developing sustainable infrastructure to enhance economic growth
and well-being, focusing on affordability and accessibility.

In an increasingly urbanized Africa, it will be crucial to ensure that
urban services are delivered to a wider population through adequate
infrastructure. Recent empirical studies in the context of Africa show
that infrastructure development significantly reduces poverty and en-
hances the positive effects of education, employment, and environ-
mental quality while mitigating the negative impacts of income
inequality and urbanization (Calderon & Servén, 2004; Calderon &
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Servén, 2010; Saadaoui Mallek et al., 2024). Urbanization is necessary
for cities' growth and development, especially in developing countries.
No country has ever reached middle-income status without a significant
population shift into cities (Spence et al., 2009). National governments
need to understand how urbanization interacts with infrastructure
development to improve service provision in developing urban areas.
Urbanization in Africa presents both challenges and opportunities.
Rapid population growth in cities requires significant investments in
infrastructure to avoid the pitfalls of unplanned urban expansion, such
as slums and inadequate services (UN-Habitat, 2022). At the same time,
if managed properly, this urban growth presents opportunities for eco-
nomic development and improved quality of life. Urbanization has been
examined from multiple perspectives. The prevalent metrics employed
to gauge this phenomenon include the percentage of the population
residing in urban areas (a demographic measure) and the extent of built-
up areas (a spatial measure) (Tayi & Radoine, 2023). Urbanization has
been extensively investigated in the literature (Njoh, 2003; Svirejeva-
Hopkins, 2012; Giineralp et al., 2018). However, this interest mainly
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focused on the interrelationship between urbanization and economic
growth. (Turok & McGranahan, 2013), pointed out that the relationship
between urbanization and economic growth is variable and cannot
simply be reduced to a linear relationship. This varying impact of types
of urbanization on growth is also highlighted by (Gross & Ouyang,
2021), who found that economic growth is associated with increases in
residual urbanization and not with natural urbanization.

Most studies on infrastructure have mainly focused on productivity,
investment, and economic growth (Collier & Venables, 2016; Srinivasu
& Srinivasa Rao, 2013; Owusu-Manu et al., 2019). An empirical study on
the sub-Saharan region, (Calderon & Servén, 2010) found strong evi-
dence that infrastructure development has a negative effect on income
inequality and a favorable influence on long-term growth, as indicated
by an increase in infrastructure stocks and improvement in the quality of
infrastructure services. It is rather unexpected, in this aspect, that
infrastructure research has grown independently of the wider literature
on urbanization and urban growth (El-Bouayady & Radoine, 2023).

Despite the recognized importance of infrastructure, there is a lack of
comprehensive understanding of how urbanization influence infra-
structure development in African cities. Studies exploring the relation-
ship between urbanization and infrastructure either focus on individual
components of infrastructure (Kasraian et al., 2016; Pradhan et al.,
2021; Wang et al., 2021a) or specific urban challenge (Saadaoui Mallek
et al., 2024). However, few provide a holistic view that encompasses the
multi-dimensional nature of urban infrastructure and the potential in-
fluence that urbanization might have.

This paper aims to address this gap by developing a methodological
framework to analyze how urbanization affects infrastructure develop-
ment in African cities. Specifically, it investigates the influence of ur-
banization on infrastructure development across 42 African countries
from 2005 to 2021 using a data-driven approach. By examining the
infrastructure-urbanization nexus through two-step GMM estimation
and exploring development patterns via a clustering-based probability
distribution model, this study provides a comprehensive empirical
foundation for understanding these dynamics. The findings aim to guide
policymakers in fostering sustainable infrastructure amidst rapid urban
growth, contributing to broader goals of economic development and
poverty reduction. The results will provide valuable insights for poli-
cymakers, helping them allocate resources more effectively and design
strategies that leverage urbanization for sustainable development.

2. Literature review
2.1. Urbanization-infrastructure-economic growth nexus

Urbanization is a key driver of sustained economic growth and
industrialization across regions and countries (Henderson, 2003). As
cities grow, they become hubs of consumption and economic activity
due to the concentration of populations and industrial enterprises
(McFarlane, 2011). This urban concentration fosters external economies
of scale, reduces transaction costs, and promotes enterprise specializa-
tion, ultimately enhancing economic efficiency (Krugman, 1991; Kumar
& Kober, 2012).

However, the relationship between urbanization and economic
development is complex, particularly in low-income African countries.
Here, economic growth can positively influence urbanization, while the
reverse can have nuanced and sometimes adverse effects on growth
(Liddle & Messinis, 2015). Furthermore, this relationship can be non-
linear; for example, in ASEAN countries, urbanization initially sup-
ports economic growth but may hinder it beyond a threshold of
approximately 68-70 % (Nguyen & Nguyen, 2016).

The rapid urbanization witnessed in Africa has significantly trans-
formed the built environment, shifting rural areas into urban settlements
and redistributing populations. This trend is projected to result in an
increase of Africa's urban population from 395 million in 2010 to 1.339
billion by 2050, making the continent home to 22 % of the world's urban
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population (United Nations, 2019). Such unprecedented growth in-
tensifies the strain on already insufficient infrastructure, which is
essential for economic development. As noted in (Baker & Judy, 2012),
the process of urbanization in Africa has not led to the expected levels of
economic growth and prosperity. Severe deficiencies in infrastructure
and services are defining features of cities in developing countries,
compounded by a lack of economic dynamism, governance failures,
inadequate land management, and social disintegration (Rasiah et al.,
2022).

Adequate infrastructure—encompassing transportation, energy, and
water services—plays a crucial role in enhancing productivity and na-
tional competitiveness (Palei, 2015). However, in many African coun-
tries, the provision of infrastructure lags behind population growth,
leading to inefficiencies that hinder economic development. The limited
infrastructure is often a reflection of low GDP per capita, creating a cycle
of underdevelopment (World Bank, 1994).

Moreover, research has shown that mobile phone penetration can
significantly drive economic growth and enhance financial inclusion in
African countries, promoting urbanization and infrastructure-led
growth (Andrianaivo & Kpodar, 2012; Chinoda & Kwenda, 2019)
Similarly, investments in paved roads yield substantial economic
returns, demonstrating the critical role of infrastructure in supporting
economic growth (Ng et al., 2019).

As urbanization continues to reshape infrastructure demands, it is
vital to recognize that inadequate infrastructure can exacerbate social
challenges, limiting productivity and industrial development. The
growing mismatch between urban population expansion and infra-
structure capacity presents significant challenges for African cities
striving for sustainable urban development (Baker & Judy, 2012;
Krugman, 1991). Addressing these infrastructural deficits is essential for
fostering economic resilience and improving the quality of life for urban
residents.

2.2. Urban infrastructure: definition, theoretical framework, and status
quo in Africa

There remains a lack of consensus on the definition of urban infra-
structure, with interpretations varying across fields of study and aca-
demic perspectives. The foremost reference to the concept of
infrastructure is (Hirschman, 1958), who describes it as encompassing
“those basic services without which primary, secondary, and tertiary
productive activities cannot function.” In the economic field, early
studies refer to infrastructure as public capital as established by
(Aschauer, 1989). Urban infrastructure is viewed as a combination of
physical, economic, social, and technological systems, as noted in
(Journal of Infrastructure Systems, 2024), which includes energy pro-
duction, transportation, and waste management. Consequently, there
have been attempts to distinguish between “hard” infra-
structures—physical networks essential for a modern society—and
“soft” infrastructure, which encompasses the institutional and gover-
nance systems that support these networks. In this article, urban infra-
structure is set to include transportation, energy, Information and
Communication Technology (ICT), water, and sanitation—that directly
affects the livelihood, mobility, health, and quality of life of people.
These elements are frequently discussed in the literature (Srinivasu &
Srinivasa Rao, 2013), yet they are often studied in isolation or in
conjunction with other phenomena. Notably, transportation and ICT are
more commonly associated with infrastructure discussions compared to
other components (Kasraian et al., 2016; Li, Song, & Chen, 2017; Wang
et al,, 2019; Pradhan et al.,, 2021; Wang et al., 2021b; Maparu &
Mazumder, 2021). On the other hand, other studies adopt diverse the-
matic measures of infrastructure. (Heshmati & Rashidghalam, 2020)
define infrastructure as a composite index comprising 15 components. In
contrast, (Li, Zheng, et al., 2017) employed five thematic areas of
infrastructure, which include energy efficiency, sustainable urban
transport, water and wastewater, and urban ecosystem management.
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Despite the rapid growth of urban populations in numerous African
countries over the past few decades, key challenges related to urban
infrastructure remain pervasive. Issues such as underdeveloped infra-
structure, pollution, congestion, inadequate housing, and persistent
poverty continue to hamper sustainable urban development (Momoh,
2016). Energy access is critically low, with nearly 600 million people in
sub-Saharan Africa lacking reliable electricity, resulting in an access rate
of just over 40 %, the lowest globally (IEA, 2019; AfDB, 2018). This
energy deficit severely affects manufacturing, as 80 % of sub-Saharan
companies experience frequent disruptions, leading to substantial eco-
nomic losses. Furthermore, over 900 million individuals rely on tradi-
tional fuels for cooking, which contributes to approximately 500,000
premature deaths annually and exacerbates environmental degradation
(IEA, 2019). In terms of transportation, road access is only 34 %,
significantly lower than the 50 % average in other developing regions,
and transportation costs are 100 % higher, hindering economic effi-
ciency (AfDB, 2018; Union Africaine, 2014). The density of paved roads
in Africa is less than a quarter of that in other low-income regions,
further impeding connectivity (Foster & Briceno-Garmendia, 2010).
Water and sanitation infrastructure are also underdeveloped; as of 2015,
only 36 % of Africans had access to improved sanitation, and just 63 %
had access to basic drinking water services, lagging far behind other
regions (AfDB, 2018). In sub-Saharan Africa, more than half of urban
population lack access to basic sanitation while close to 20 % does not
have access to safe water, proper drainage and waste management
(Rasiah et al., 2022). Lastly, the telecommunications sector demon-
strates substantial shortcomings, with only a 6 % internet penetration
rate in 2012 compared to 40 % in other developing areas, and a mobile
penetration rate of 73 % in sub-Saharan Africa (Bank & Flagship, 2016;
Union Africaine, 2014).

The urbanization-infrastructure nexus can be understood using three
main theoretical frameworks. The political economy of urbanization
emphasizes how expanding urban populations exert pressure on gov-
ernments to improve infrastructure. As cities grow the demand for
essential services intensifies, necessitating policy responses that reflect
the political dynamics shaping infrastructure investments. The econo-
mies of scale theory posits that urbanization enables more efficient
infrastructure provision. Higher population density allows for reduced
costs per capita in delivering services, enhancing productivity and living
standards. This perspective highlights the economic benefits of urban
growth, underscoring the potential for well-planned urbanization to
foster sustainable infrastructure development. Conversely, urban-bias
theory critiques the preferential treatment urban areas receive
regarding infrastructure investment, particularly in developing coun-
tries. This bias leads to rapid urban growth as rural populations migrate
to cities seeking better opportunities, often resulting in infrastructural
strains and increased urban poverty.

2.3. Gaps in the literature review

While existing studies often explore individual components of
infrastructure, there is a noticeable lack of comprehensive integration
with broader urbanization literature, particularly in African contexts.
For example (Doc et al., 2007) revealed that urban sprawl significantly
impacts water fluxes and the urban water balance. Similarly, (Kasraian
et al., 2016) conducted a long-term study on the relationship between
railway infrastructure and urbanization in the Randstad region of the
Netherlands, showing how new railway stations followed existing ur-
banization patterns and later spurred further development. This, how-
ever, reflects a broader issue in the literature, where studies often focus
on specific infrastructure components—such as transport or water-
—rather than adopting a comprehensive definition of infrastructure that
includes water and sanitation, ICT, transport, and energy. To our
knowledge, no research has investigated the relationship between ur-
banization and infrastructure holistically, especially in the African
context, which is a significant gap this study aims to address.
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Furthermore, (Maparu & Mazumder, 2021) explored the causal di-
rection between transport infrastructure and urbanization during the
post-liberalization era in India, indicating that the expansion and
development of transport infrastructure contributed to urban growth,
aligning with modernization theory. While these studies are valuable,
they reflect a broader trend in the literature where the focus is typically
limited to individual components, such as transport. Most studies on
transport infrastructure and urbanization also focus on energy and
environmental impacts (Wang et al., 2019). For instance, (Miatto et al.,
2021) highlighted the environmental concerns related to the material
demands of rapid urbanization in Hanoi.

Other studies also predominantly investigate infrastructure devel-
opment through the lens of transport infrastructure. (Li, Song, & Chen,
2017) found that infrastructure development influences urban expan-
sion, land prices, and housing prices in Chinese cities, while (Heshmati
& Rashidghalam, 2020) emphasized the effects of various infrastructure
components on urbanization in China.

The above discussion highlights that existing studies often fail to
comprehensively cover all infrastructure components. Many adopt an
urbanization-centric perspective, viewing infrastructure primarily as a
catalyst for urban growth rather than exploring how urbanization in-
fluences infrastructure development. The reverse relationship, where
urbanization affects infrastructure development, remains understudied.
Our theoretical framework is inspired by (Boserup, 1981) whose ex-
amination of preindustrial development posited that larger populations
facilitated infrastructure development. A basic political-economy
perspective on infrastructure provision suggests that growing urban
populations necessitate improved infrastructure.

This study aims to address this gap by investigating the impact of
urbanization on various infrastructure elements using an infrastructure
composite index. Furthermore, this research establishes a contextual
framework specifically within African countries, which, to our knowl-
edge, has not been explored comprehensively. We adopt a mixed
methodology with the following specific objectives:

1. Investigate the relationship between infrastructure development and
urbanization in African countries using a 2-steps GMM model.

2. Identify typical development patterns of urban infrastructure
development with the selected sample using clustering-based model.

3. Provide representative set of synthetic data for simulation purposes.

3. Methodology

The proposed methodology is a two-step, mixed approach that first
aims to study the relationship between infrastructure development and
urbanization at the African country level. The secondary approach aims
to simulate the development of urban infrastructures in African coun-
tries using a clustering-based probability distribution model.

3.1. African urbanization-infrastructure nexus

3.1.1. Data and methods

To assess the impact of urbanization on infrastructure development,
we used balanced panel data from 42 African countries' for 2005-2021.
Data were sourced from the World Development Indicators (WDI) and
the African Development Bank (AfDB). The African Infrastructure
Development Index served as the dependent variable, encompassing

1 Algeria, Angola, Benin, Botswana, Burkina Faso, Burundi, Cape Verde,
Cameroon, Central African Republic, Chad, Congo, Democratic Republic of the
Congo, Ivory Coast, Djibouti, Egypt, Equatorial Guinea, Ethiopia, Gabon,
Gambia, Ghana, Guinea, Guinea-Bissau, Kenya, Lesotho, Madagascar, Mali,
Mauritania, Mauritius, Morocco, Mozambique, Namibia, Niger, Rwanda,
Senegal, South Africa, Swaziland, Tanzania, Togo, Tunisia, Uganda, Zambia,
Zimbabwe.
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sub-indexes for ICT, transport, water and sanitation, and electricity.
While recent studies, such as (Nchofoung et al., 2022), have utilized this
index, most research on infrastructure has focused on roads and ICT (Z.
Wang et al., 2019; Maparu & Mazumder, 2021; Pradhan et al., 2021). In
this study, we also considered additional infrastructure indicators, spe-
cifically ICT, electricity, and water infrastructure, to provide a more
comprehensive analysis. Our independent variables include the degree
of urbanization and economic growth, with industrial production and
trade openness included as control variables. Tables 1 and 2 provide the
main variables and descriptive statistics for the period 2005-2021.
Table 3 shows the correlation matrix, indicating no multi-collinearity
issues, even though such issues are minimal with interactive estimators.

The estimation method to explain the links between infrastructure
and urbanization, in addition to other defined variables is performed
using the 2-step system Generalized Method of Moments (GMM). The
GMM has recently been used by many researchers with infrastructure
related studies (Asongu & Odhiambo, 2021; Nchofoung & Asongu,
2022; Saadaoui Mallek et al., 2024). Moreover, it offers several advan-
tages over the traditional dynamic panel-data method, which has been
noted to have certain limitations by its developers (Arellano & Bover,
1995; Blundell & Bond, 1998). The choice of this method developed by
(Roodman, 2009) is motivated by several factors. First, our dependent
variable is highly correlated with its first-period lag LnInfras;,_,, with a
correlation coefficient of 0.9980, confirming the dynamic character of
the model with persistence over all specifications. Second, our dataset
has a time dimension of 17 years and a cross-sectional dimension of 42
countries. According to (Roodman, 2009), for GMM to be appropriately
applied, the cross-sectional dimension should be greater than the time
dimension, which is true for our data. Third, this technique helps
address endogeneity issues arising from potential reverse causality be-
tween urbanization and infrastructure development by using lagged
values of the variables as instruments. Fourth, the two-step system GMM
performs well in terms of limiting the proliferation of instruments and
controlling for cross-sectional dependence (Boateng et al., 2018).

The following equations in level (Eq. (1)) and first difference (Eq.
(2)) summarize the standard system GMM estimation:

Lninfras,, = p, + p,Lninfras;,_, + p,LnUrb;, + p,LnGDP;,

2 @
+ D OnSnicr+ ¥+t

n=1

Lninfras, — LnInfras;, . = p, (Lnlnfrasi.t—r - L”Inﬁasi.pzr) + f (LnUrby
— LnUrb;,_,) + B, (LnGDP;, — LnGDP;;_;)
2
+ Z 571 (Sn.i,t—r - Sn.i,t—Zr) + (ﬂt - ”t—r) + Eirr
n=1
@

where LnInfras,, is the composite infrastructure development index for

Table 1

Variable definitions.
Variable name Definitions Source
Infras African Infrastructure Development Index (AIDI) AfDB
Urb Degree of urbanization WDI
GDP Per capita GDP growth rate WDI
Trd International Trade WDI
IndProd Industrial productivity WDI
Inmnt Internet penetration WDI
MbSub Cellphone penetration WDI
FBSub Telephone penetration WDI
Sanit Sanitation services WDI
wtr Drinking water services WDI
Elect Electric power consumption WDI

Note: WDI. World Development Indicators; AfDI. African Infrastructure Devel-
opment Bank.
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Table 2
Summary statistics for total panel (2005-2021).
Obs. Mean S.D. Min. Max.

Infras 712 22.19 17.75 1.12 88.74
Urb 712 43.83 18.21 9.38 90.42
IndProd 712 6.61*10° 1.37*101° 1.54%107 8.37%101°0
Inmt 712 17.83 19.18 0.22 88.13
MbSub 712 66.49 39.96 0.53 168.92
Wtr 712 85.29 9.68 48.06 100.00
Elect 712 72.00 21.22 11.80 1000.00
GDP 712 2447.94 2765.14 151.19 19,849.72
FBSub 712 72.00 21.22 11.80 100.00
Trd 712 73.13 37.81 22.24 348.00

Note. S.D. Standard deviation. Min. Minimum. Max. Maximum.

country i at year t, f, is a constant, LnUrb; is the degree of urbanization
for each country i at year t, LnGDP;, entails per capita GDP growth rate
for country i at year t, S is the vector of control variables (trade openness
and industrial production), r equals the unity, y, is the time-specific
constant, y; is the country effect, and ¢;; is the error term.

We use the Hansen-Sargan test to check the validity of the in-
struments. Additionally, we perform the AR(2) test to detect second-
order serial correlation. If the null hypothesis is accepted in the AR(2)
test, it indicates no evidence of autocorrelation. Similarly, a non-
significant result in the Hansen J-test confirms that the instruments
are appropriate.

3.1.2. Results and discussion

Table 4 presents the outcomes of the 2-step GMM estimation. Results
show that urbanization has a positive and significant impact on com-
posite infrastructure development index, indicating a substantial and
positive role. This result is replicated when the infrastructure indicators
of electricity, ICT and water are used. However, for the findings to be
valid, there needed to be no residual autocorrelation of either the first or
second order. Therefore, AR(2) test for second-order autocorrelation
should have a P-value >10 %, indicating no evidence of autocorrelation.
The null hypotheses of the Sargan and Hansen over-identification re-
striction tests for instrument validity should not be rejected if the P-
value is higher than 10 %. Additionally, the null hypothesis of the Wald
test for the model's overall significance should be rejected if the P-value
is <10 %. Finally, the number of instruments is kept to be less than the
number of cross-sections as recommended by (Roodman, 2009). Our
results meet the above-cited criteria. For instrument tests, the Hansen
test is preferred due to its robustness to heteroscedasticity and suitability
for dynamic panel data models with many instruments.

Our study underscores the positive impact of urbanization on various
aspects of infrastructure development, as evidenced by the composite
infrastructure index, ICT, and electricity indicators. This finding is
consistent with the broader literature, which often highlights the
interconnectedness of urbanization and infrastructure improvements
(Pradhan et al., 2021). The positive impact of urbanization on infra-
structure development observed in our study is consistent with the
findings of (Weinhold & Reis, 2001). Their research highlighted a strong
positive correlation between urban population growth and infrastruc-
ture development. This suggests that as urban areas expand, they often
enhance their infrastructure to support the growing population. This is
particularly true as the growth of urban populations leads to increased
demands for infrastructure development. This is the case for Africa given
that the continent has shown one of the fastest trends in terms of pop-
ulation growth in the world (UN DESA, 2019).

Our results indicate that increases in urbanization are linked to im-
provements in infrastructure, as evidenced by the composite infra-
structure index, ICT, and electricity indicators. This finding aligns well
with recent trends in Africa's infrastructure development, where sig-
nificant progress is largely attributed to the rapid expansion of the ICT
sector (Kengdo et al., 2020). At the same time urban populations in
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Table 3
Correlation matrix.
Infras Urb IndProd Inrnt MbSub Water Elect GDP FBSub Trd
Infras 1.000
Urb 0.429%** 1.000
(0.000)
IndProd 0.539%** 0.264* 1.000
(0.000) (0.013)
Inmt 0.7307"* 0.48277* 0.267%** 1.000
(0.000) (0.000) (0.000)
MbSub 0.6427"* 0.438*** 0.228%** 0.733%%* 1.000
(0.000) (0.000) (0.000) (0.000)
wir 0.675""* 0.24577* 0.2997** 0.5327%* 0.598"** 1.000
(0.000) (0.000) (0.000) (0.000) (0.000)
Elect 0.609""* 0.4546*"* 0.275 0.591*"* 0.6007** 0.6967** 1.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000)
GDP 0.209%** 0.263*** 0.087%** 0.254""* 0.108* 0.1443*** 0.308%** 1.000
(0.000) (0.000) (0.000) (0.000) (0.036) (0.000) (0.000)
FBSub 0.714""* 0.218%** 0.2147%* 0.590""* 0.4407"* 0.4247** 0.398* 0.101*~ 1.000
(0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.001) (0.0065)
Trd 0.077* 0.406"** —0.118* 0.161*** 0.022 0.129%** 0.096** 0.1412%** 0.122%** 1.000
(0.039) (0.000) (0.001) (0.000) (0.554) (0.000) (0.010) (0.000) (0.001)
Note: Standard errors in brackets.
" p<10%.
™ p<5%.
" p<1%.
Table 4
GMM regression results for the period (2005-2021).
Dependent variable Infras
AIDI ICT Elect wtr
- Inrnt MbSub FBSub - -
LniInfras;,_, 0.922***(0.007) 0.957** ”(0 005) 0.784***(0.006) 0.509%*%(0.236) 0.585***(0.235) 1.047* ”(0 003)
LnUrb 0.023%*(0.022) —0.077*%%(0.023) 1.915***(0.207) 0.39: (0.029)
LnGDP 0.081***(0.006) 0.036%*(0.014) 0.422%%%(0.126) 0.049***(0.004)
LnIndProd —0.002%*(0.001) 0.022**%(0.003) 0.010***(0.001) 0.220%**(0.0463) —0.004(0.002) —0.0002(0.0009)
LnTrade 0.043***(0.007) 0.0008+%(0.003) 0.092***(0.012) -1. 383*’“’(0 954) —0.145%**(0.012) 0. 003**’”(0 003)
constant —0.555***(0.084) —1.122* 0.397***(0.107) ? 0.675***(0.129) ?
AR(2) [0.179] [0.956] [0.124] [0.347] [0.189] [0.352]
Sargan [0.092] [0.215] [0.379] [0.378] [0.114] [0.305]
Hansen [0.183] [0.187] [0.060] [0.511] [0.413] [0.256]
Instruments 22 35 35 22 35 35
Wald test 101,294.11%** 103,731.30%** 65,224.61%** 1625.05%** 2755.11%*%* 399,657.51***
Obs. 712
Groups 42

Notes: Figures between parenthesis () signify to the standard error, whereas figure between brackets [] denote to the probability value. *

10 %, 5 %, and 1 %, respectively.

Africa continue to rise, reaching 29 % between 2018 and 2030 and 44 %
between 2030 and 2050 (United Nations, 2019). Investments in in-
frastructures in Africa have contributed between 14 % and 48 % to the
current economic growth and have the potential to do even more (AfDB,
2018).

Similarly, urbanization positively influence electricity infrastruc-
ture. A 10 % increase in the degree of urbanization can increase elec-
tricity consumption by 3.92 %. This indicate that higher levels of
urbanization are associated with substantial improvements in electricity
infrastructure. This aligns with the expectation that as urban areas
expand, there is a greater demand for reliable and enhanced electricity
services to support the growing population and economic activities.

Despite this positive trend, it is important to note that per capita
electricity demand across the continent remains very low. Currently, it
accounts for <200 kWh per capita annually and is projected to be just
over 430 kWh by 2040 (IEA, 2019). This still represents <15 % of the
world average. The challenges of inadequate electricity provision can be
traced back to historical factors, including colonial institutional ar-
rangements and ongoing political instability (Giineralp et al., 2018).
This historical context underscores the significant gap in electricity
provision that needs to be addressed to meet the increasing demands

*: significance levels of

driven by urbanization. Interestingly, there is a scarcity of studies
focusing specifically on electricity infrastructure within the context of
urban or city planning. Often, electricity consumption is analyzed
alongside other infrastructure components, such as building use or
electrified transportation modes, in demand-centered analyses (Howard
et al., 2012).

On the other hand, GMM results indicate a strong positive relation-
ship between economic growth and various infrastructure de-
velopments, which is consistent with (Palei, 2015). These results suggest
that as the economy grows, there are significant improvements in
infrastructure, particularly in ICT (internet and mobile subscriptions)
and broadband (fixed broadband subscriptions). Electricity infrastruc-
ture also benefits notably from economic growth, though the effect on
water infrastructure is comparatively smaller. Given that the relation-
ship between infrastructure and economic growth is context-dependent
(Holtz-Eakin & Schwartz, 1995), this study provides clear evidence in
the African context, where infrastructure is often under-supplied. Eco-
nomic growth consistently promotes infrastructure development across
all categories. These results underscore the importance of economic
growth as a driver of infrastructure development in Africa.

With regards to control variables, industrial production supports ICT
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infrastructure but has limited effects on electricity and water infra-
structure. Particularly, a 10 % increase in industrial production is
associated with a 2.2 % increase in mobile subscriptions, indicating that
industrial growth supports the expansion of ICT infrastructure. This is
likely due to the increased demand for communication technologies to
support industrial activities. On another side, trade openness seems to
have complex relationship with different infrastructure components.
Trade openness positively influences the composite infrastructure index
and ICT development, which is supported by existing literature
(Nchofoung & Asongu, 2022). However, our results also indicate that, in
the African context, trade openness has a negative impact on electricity
infrastructure, which appears inconsistent with the same study's find-
ings. This discrepancy underscores the need for further investigation
into the nuanced effects of trade openness on different infrastructure

types.

3.2. Simulation and clustering analysis in African urban infrastructures
development

After conducting a comprehensive analysis to understand the factors
influencing urban infrastructure in African countries, the significance of
variables, such as urbanization, economic growth, trade openness and
industrial production, has become evident. While the GMM estimation
provides valuable insights into the relationships between these factors
and infrastructure development, extending our analysis to include
simulation of urban infrastructure development is equally important.

Simulation allows us to model and explore existing patterns, offering
a forward-looking perspective on how various factors may interact and
shape infrastructure development over time. Clustering analysis will be
employed to identify distinct patterns and groupings among the studied
countries studies, yielding a more nuanced understanding of regional
disparities. Subsequent to this, distribution fitting will be instrumental
in creating synthetic curves that reflect the intrinsic dynamics of infra-
structure development. In summary, the clustering-based probability
distribution model offers added value by capturing heterogeneity, pin-
pointing non-linear relationships, generating synthetic datasets, offering
detailed insights, and facilitating spatial and temporal explorations,
which traditional regression-based methods may not fully encompass.

3.2.1. Modeling framework and building blocks
The establishment of the model entails three distinct stages: feature
extraction, two-step cluster analysis, and distribution fitting.

3.2.1.1. Features definition. Data of urban infrastructure were collected
over a specified 16-year timeframe for each of the 45 African countries.
To characterize urban infrastructure development in these countries, the
following feature are extracted:

- u: Represents the average infrastructure development index, offering

a measure of the country's overall infrastructure progress within the

study period.

CV = o/u: The coefficient of variation of the annual infrastructure

development index. This quantifies the variability of infrastructure

development across a consistent 17-year span within a single

country.

- 0: The standard deviation of the annual infrastructure development
index.

- (Ii,I2,...,1i7) A sequence representing the infrastructure develop-
ment patterns, reflecting the behavior of a single country's infra-
structure development trajectory over time.

For normalization and standardization of each data point within the
dataset, the z-score normalization is used. The z-score standardization
(Mustoe & Walker, 1977) is given by:

Ii=(x—-u/o @
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3.2.1.2. Clustering analysis. In this analysis, a two-step clustering pro-
cedure is introduced, based on the infrastructure development index.
The initial step involves clustering all countries based on the yearly
average urban infrastructure development index u and the standard
deviation o of the yearly infrastructure index. Subsequently, the second
step of clustering is conducted within each cluster formed in the first
step, with a focus on infrastructure development patterns (I1, Iz, ..., I17).

The present study uses the most established category of unsupervised
learning, called clustering, which aims at grouping instances based on
their degree of similarity (Xu & Wunsch, 2005). Several clustering al-
gorithms have been developed over the past decades with K-means
being the most well-known and widely used algorithms for clustering
(Hartigan & Wong, 1979), given its ease of application, efficiency and
simplicity. K-means is a portioning clustering algorithm, that is, it aims
to find all the clusters simultaneously as a partition of the data and does
not impose a hierarchical structure. K-means necessitates a pre-defined
number of clusters.

The within-cluster-sum-of-squares (WCSS) is first used to determine
the optimum number of clusters, where the highest drop in the value of
WCSS corresponds to the optimum K value. The quality of clustering is
then evaluated using the Silhouette score, graphical aid that evaluates
how similar or dissimilar data points are within one another and from
other clusters to determine the quality of a cluster. Higher numbers
indicate better cluster separation; values range from -1 to 1
(Rousseeuw, 1987). The Calinski-Harabasz (CH) index, introduced in
1974, is a widely used metric for evaluating and comparing clustering
methods on the same dataset (Calinski & Harabasz, 1974). It quantifies
the ratio of within-cluster to between-cluster dispersion, providing a
concise measure of clustering effectiveness. Finally, The Davies-Bouldin
(BD) Index (Davies & Bouldin, 1979) is also used to evaluate the quality
of clustering, as seen in Table 5.

3.2.1.3. Probability distribution fitting. To generate synthetic data that
will be used to simulate infrastructure development in African countries,
we perform distribution fitting after the clustering analysis. Within each
sub-cluster, samples consist of nineteen feature parameters, which
include the annual average infrastructure development (), the coeffi-
cient of variation (CV) of the annual infrastructure development index,
and seventeen infrastructure development patterns. To fit all 19 pa-
rameters, we employ distinct probability distributions for each

Table 5
Metrics used for evaluating clusters quality.
Formula Parameters Interpretation
Tr(Sg) x (N—K) N: total number of ~ The K that maximizes
CH(K) = 5 (1) .
Tr(Sw) x (K—1) samples the value of CH is
K: number of selected as the
clusters optimal.

Tr(Sg), Tr(Sw):
trace of the
between and
within

Higher values
indicate better
clusters.

class scatter
matrix,
respectively.
CH(K): Calinski-
Harabasz Index
« max ( Si+ 5 ) K: number of Lower values indicate
better clusters.
lower values of the
Davies-Bouldin Index
indicate better-
defined clusters with
good separation and
minimal overlap

1
BD(K) = K Zizl i£] m clusters
@ cy: the center of
cluster x
Sx: the average
distance between
any data in cluster
x and ¢y
d(c;, ¢j): the
distance between
¢; and ¢;
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parameter, allowing the distributions to correspond to each sub-cluster.

The (I,Is,...,I17) infrastructure development patterns data are
influenced by a variety of factors and exhibit a symmetric balanced
distribution. The Gaussian distribution, which is a type of distribution
that is symmetric about the mean, is used (DeGroot & Schervish, 2011).
The probability density function is shown in Eq. (4), in which ¢ is the
standard deviation of the distribution and p is the mean of the

distribution:
vxp ( - >

As for fitting the mean p and the coefficient of variation CV of
infrastructure development index, log-normality is plausible (Devoire,
2011). The logarithmic normal distribution equation is shown below:

0x>0

)1/2W<—(x“d)2> x<0

26d2
To represent the data from each sub-cluster, nineteen distributions
are employed. Given the multitude of sub-clusters, the model for the
entire sample is comprehensive, encompassing the total number of sub-
clusters and the respective distributions for all parameters.

(x — Pd)z
2(7,12

€]

febod =

fodwoa =4 1 ®)

(2704

3.2.2. Model regeneration: a statistical perspective

The regeneration process involves generating random feature pa-
rameters based on the fitted probability distributions for each sub-
cluster. These random feature parameters are then used to reconstruct
the infrastructure development patterns, allowing for the generation of
synthetic infrastructure development patterns that reflect the statistical
characteristics of the original data. The reconstruction process involves
using the feature parameters to revert z-score normalization and
recreate the infrastructure development patterns from the feature pa-
rameters. This synthetic data will be utilized for simulating urban in-
frastructures development in African countries.

This simulation approach serves as a valuable complement to the
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leveraging clustering and distribution fitting techniques, we aim to
create synthetic representations of urban infrastructure development,
providing a tool for scenario planning, policy evaluation, and strategic
decision-making in the dynamic landscape of African urban
development.

3.2.3. Study case

3.2.3.1. Modeling and clustering analysis. The predefined features are
used to describe each urban infrastructure development in each country.
The clustering is performed using the k-means clustering algorithm in
two steps.

A sample of 45 countries is first grouped based on infrastructure
development. Two clusters are formed in this first step. Then a second-
step clustering is performed based on infrastructure development pat-
terns. Four sub-clusters are formed in this step. Results of the two steps
are shown in Fig. 1.

The quality of a cluster formation is evaluated using Calinski-Har-
abasz (C-H) index and Davies-Bouldin index, see Table 6.

Statistical characteristics of the resulting clusters are represented in
Table 7. The findings indicate that 46.66 % of the analyzed African
countries exhibit an average infrastructure index below 11, with 37.77
% showing an index below 22. Among the countries analyzed, just 6.66
% have a mean value of 66.85, while 4, or 8.88 % of the total, have an
index of 46.24.

Among 45 countries' infrastructure development tracks, four typical
patterns have emerged, as shown in Fig. 2.

3.2.3.2. Distribution fitting. For each of the four sub-clusters, a
lognormal was used to fit both the coefficient of variation CV and the
mean u of the yearly infrastructure development. The fitting results of

Table 6
Cluster quality metrics.

Evaluation metric First-step clustering Second-step clustering

regression analysis, enabling us to not only understand the current de- Califiski-Harabasz (C-H) index 162.69 0.398
terminants but also project potential trajectories and trends. By Davies-Bouldin Index 202.71 0.53
First-Step Cluster 0 First-Step Cluster 1
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Fig. 1. Countries per cluster distribution.
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Table 7

First and second step clusters' statistics.
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CV and p in cluster 0-2 are displayed in Fig. 3, where the x-axis shows
the value of the fitted variable, the bars show the frequency of the
samples, and the curve shows the probability density function of the

Clusters Yearly infrastructure  Standard deviation of Percentage &
N° development index yearly development count of fitted distribution.
infrastructure index countries Normal probability distributions were used for infrastructure patters
0 15.74 6.62 84.44 % (38) (h,Iy,....,Ii7) fitting. The results of fitting pattern parameters to a
1 55.08 11.73 15.56 % (7) normal distribution for each year in the sub-cluster 0-2 are shown in
0-2 10.94 3.38 46.66 % (21) Fig. 4. This model includes 17 probability distributions for each of the
0-3 21.67 4.44 37.77 % (17) .. i .
10 46.24 512 8.88 % (4) four sub-clusters from the original sample sets. The composition of this
4 66.85 3.17 6.66 % (3) sample set is represented by the ratio of the number of countries in each
sub-cluster to the overall number of countries.
This model can statistically replicate infrastructure development
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1
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Fig. 2. Infrastructure development patterns for each resulted cluster.
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Year 1 infrastructure pattern I1

Year 1 infrastructure pattern 12
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Fig. 4. Normal distribution fitted results for pattern parameters (I;,Is, ...,I17).

The curves represent the fitted PDF, while the bars show the dataset's original distribution.

patterns based on the sub-cluster distributions and ratios. The devel-
opment curves for synthetic infrastructure can be produced using the
previously discussed method.

3.2.3.3. Model validation. The modeling procedure, which involves
transitioning from infrastructure development data to the probability
distribution, as well as the regeneration procedure, which is the reverse
operation, requires a means of validation. To validate these two pro-
cedures, we will use two statistical parametric tests.

The Anderson-Darling test and Kolmogorov-Smirnov test are statis-
tical tests used to assess the goodness of fit of simulated data to specific
probability distributions. Both tests are widely used in various fields to
validate simulation models and assess the accuracy of the simulated
data. The Anderson-Darling test measures the discrepancy between the

empirical distribution function of the simulated data and the theoretical
distribution function, while the Kolmogorov-Smirnov test evaluates the
maximum difference between the empirical distribution function and
the reference distribution function. The expected results of the
Anderson-Darling and Kolmogorov-Smirnov tests for fitting validation
would be based on the test statistic and the corresponding p-value. The
Kolmogorov-Smirnov and Anderson-Darling tests are performed on
every distribution fitting procedure across every sub-cluster. Here, we
illustrate the outcome using the sub-cluster 0-2 as an example. If the p-
value is >0.05, the Anderson-Darling and Kolmogorov-Smirnov tests
indicate an acceptable fit at the 95 % confidence level. All feature pa-
rameters passed the Anderson-Darling and Kolmogorov-Smirnov tests,
as indicated in Figs. 5 and 6.
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4. Concluding insights and future directions

This study underlined that urbanization and economic growth are
crucial determinants of infrastructure development in the context of
Africa, with varying impacts across different types of infrastructure. It
examined the effects of urbanization on different infrastructure mea-
sures using panel dataset comprising 42 African during the period
2005-2021, using 2-step GMM technique. Four measures of infrastruc-
ture development were considered in the analysis: composite infra-
structure index, electricity, water, and ICT. The empirical results reveal
the following key findings: (i) Urbanization's impact on infrastructure
development in Africa is multifaceted. Generally, urbanization posi-
tively influences the overall infrastructure index, electricity infrastruc-
ture, internet penetration, and fixed broadband subscriptions. However,
it exerts a negative impact on water infrastructure and mobile sub-
scriptions, indicating that urbanization affects different types of infra-
structure in varied ways. (ii) Economic growth emerges as a consistent
driver of infrastructure development across all categories, playing a
crucial role in expanding ICT and electricity infrastructure. (iii) In
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contrast, the effects of industrial production are mixed; it generally
promotes ICT infrastructure but shows either negative or insignificant
impacts on other types of infrastructure. (iv) Trade openness has a dual
influence, positively affecting overall infrastructure development and
most ICT components while negatively impacting fixed broadband
subscriptions and electricity infrastructure. These findings highlight the
complex and varied role of urbanization and other factors in shaping
infrastructure development in the African context.

The study reveals that urbanization and economic growth signifi-
cantly influence infrastructure development in Africa, but with varying
effects. To address the negative impact of urbanization on water infra-
structure and mobile subscriptions, policymakers should prioritize
expanding and modernizing these systems to keep pace with urban
growth. Economic growth consistently boosts ICT and electricity infra-
structure, so targeted investments in broadband expansion, mobile
networks, and electrical grid modernization are essential. The mixed
effects of industrial production on infrastructure suggest a need for
policies that support ICT-focused industrial growth while addressing
negative impacts on other infrastructure types. Additionally, while trade
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openness generally promotes infrastructure development, its adverse
effects on fixed broadband and electricity infrastructure require
balanced trade policies to mitigate these challenges. Finally, the study
underscores the importance of developing resilient infrastructure
capable of adapting to urban growth and environmental changes
through regular assessments and sustainable practices. From the
perspective of infrastructure development and investment, Africa has
not reached the turning point of the relationship between urbanization
and infrastructure development. Consequently, as infrastructure in-
vestment gradually increases, along with ongoing urbanization trends,
the influence of urbanization on infrastructure development expected to
grow, and the regional disparities within Africa may also widen.

As half of urban land in existence in 2030 is yet to be developed
(Elmqvist et al., 2013), policymakers must integrate infrastructure
planning with urban growth strategies to ensure that infrastructure
development keeps pace with urbanization. This includes planning for
future demand, upgrading existing infrastructure, and ensuring that new
developments are supported by adequate services. Given the study's
finding that urbanization can exacerbate infrastructure gaps, it is crucial
to develop resilient infrastructure to manage urban growth effectively.
This entails conducting regular assessments to identify and address
emerging needs and investing in infrastructure that can withstand
increased demand and adapt to environmental changes by reinforcing
existing structures and incorporating flexibility in new projects.

The subsequent phase of this study involves using a clustering-based
probability distribution model, which offers the benefit of capturing
heterogeneity, identifying non-linear relationships, and generating
synthetic data—features that complement but are not fully realizable
through GMM. The primary goal of this phase is to categorize countries
with similar infrastructure development trends and fit probability dis-
tributions to capture the statistical properties of these patterns within
each sub-cluster. This approach allows for the creation of random
feature parameters and regeneration of synthetic data that retain com-
parable statistical characteristics to the observed data. In our case study,
two main clusters of infrastructure development levels were identified,
with four sub-clusters of development patterns. Corresponding proba-
bility distributions were fitted for each feature parameter, reflecting the
model's results. This model aids in regenerating infrastructure data from
acquired knowledge, extending the research to both spatial and tem-
poral dimensions.

5. Limitations and future recommendations

Transport infrastructure indicators were not included in the analysis
due to unavailable data for the studied countries, although they are
indirectly captured in the composite infrastructure index; thus, the
impact of urbanization on transport infrastructure as a standalone
component is not addressed in this study.

Another key limitation is the variation in urbanization levels across
Africa. This study treats the continent as a whole, despite significant
differences in urbanization rates between regions, such as the more
urbanized Northern and Southern Africa compared to the rapidly
growing West and East Africa. This broad approach, while providing
general insights, risks over-generalization and may not fully account for
regional variations in urbanization dynamics. Additionally, for GMM to
be appropriately applied, the cross-sectional dimension should be
greater than the time dimension, which is true for our dataset. However,
dividing the dataset into two sub-periods (2005-2012 and 2012-2021),
for instance, would provide a better basis for analysis, as it would ensure
that the cross-sectional dimension is significantly greater than the time
dimension.
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