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Abstract

This study investigates the  intricate relationships among energy consumption, income inequality, 
financial development, and governance quality in  the African region. Focusing on African countries 
characterized by prevalent energy poverty, weak governance, and underdeveloped financial systems, 
the moderating role of income inequality on energy consumption is examined using a dynamic panel 
threshold model. The primary objective is to elucidate the nonlinear nature of these relationships and 
identify how their effects vary depending on income inequality thresholds. The analysis encompasses 21 
sub-Saharan and 5 North African countries over the period 1985–2021, utilizing indicators sourced from 
various databases. Following preliminary tests, the study employs the dynamic panel threshold meth-
od developed by Diallo (2020), which builds on Hansen’s (1999) threshold modelling framework. Below 
the income inequality threshold, financial development and government quality exhibit a positive rela-
tionship with energy consumption. Above this threshold, the relationship turns negative due to height-
ened inequality. This study enhances the literature on how fragile financial systems and inadequate gov-
ernance, influenced by income inequality, obstruct Africa’s sustainable energy transition, advocates for 
cohesive policies to tackle inequality, implements institutional reforms, and promotes financial inclusion, 
while providing substantial, regime-dependent insights into energy consumption dynamics.

Keywords: Income inequality, energy consumption, financial development, governance, institutional 
quality, dynamic panel threshold analysis

JEL Classification: C23, O13, O15 

15 MANUÁL VYSOKÉ ŠKOLY EKONOMICKÉ V PRAZE

LOGOTYP 
S NÁZVEM
ZÁKLADNÍ
PROVEDENÍ

1/10

Logotyp je zkonstruován tak, aby bylo zaručeno 
jeho nejsnadnější použití v jednotném grafickém 
a komunikačním stylu vysoké školy a zároveň 
v identifikovatelnosti jednotlivých fakult v rámci 
struktury VŠE, při zachování všech technologic-
kých možností typografických a estetických 
pravidel.

Logotyp se smí používat pouze z originálního 
vzoru, který je dostupný jako příloha tohoto
manuálu, případně z dat poskytnutých oddělením 
Public Relations VŠE společně s předchozím sou-
hlasem s použitím. Používání jiných podkladů než 
originálních je nepřípustné.

Základní pozitivní provedení logotypu je v kor-
porátní černé barvě (100 % K), dále je upřesněno 
v kodifikaci barevnosti v kapitole 2/01.

Nejlépe znak vynikne na bílé podkladové ploše, 
která je také při aplikaci znaku preferována.

Správný způsob aplikace znaku je definován pra-
vidly uvedenými v tomto manuálu a je zakázáno 
ho aplikovat v rozporu s ním.

VSE_2_logo_cb_cmyk
VSE_4_EN_logo_bw_cmyk

Politická 
ekonomie  

Fi
na

l v
er

si
on

 o
f t

he
 a

rt
ic

le
 b

ef
or

e 
ed

it
or

ia
l p

ro
ce

ss
in

g Volume 75  
Forthcoming articles
https://doi.org/10.18267/j.polek.1534
Open Access

https://doi.org/10.18267/j.polek.1534
https://orcid.org/0000-0001-7751-3275
mailto:efecanaktas@yahoo.com
https://www.vse.cz/english/
https://polek.vse.cz/
https://polek.vse.cz/corproofs.php


2Politická ekonomie, 2027, 75, Forthcoming articles, https://doi.org/10.18267/j.polek.1534

Emin Efecan Aktaş

 F
in

al
 v

er
si

on
 o

f t
he

 a
rt

ic
le

 b
ef

or
e 

ed
it

or
ia

l p
ro

ce
ss

in
g

1.   Introduction

Energy poverty remains one of the most pressing challenges in Southern African countries. 
These nations are characterized by high energy demand, heavy dependence on fossil fuels, 
and persistent difficulties in transitioning to renewable energy sources (Todd and McCauley, 
2021, pp. 5–7; Mirzania et al., 2023, p. 8; Masuku, 2024, p. 3). These challenges are further 
exacerbated by underdeveloped financial systems and weak institutional frameworks, mak-
ing the region an important case for examining the interplay between energy consumption, 
institutional quality, and financial development. In particular, South Africa presents a dual 
dynamic: while financial and institutional advancements have driven energy consumption 
and offer potential for supporting a renewable energy transition, the country’s dependence 
on  coal and persistent governance deficiencies continue to  impede sustainable progress. 
Conversely, in less developed countries across the region, inadequate financial infrastructure 
and institutional weaknesses perpetuate fossil fuel reliance and constrain access to cleaner 
energy sources. Recent empirical studies – such as those by Smarte Anekwe et al. (2024), 
Cai et al. (2024), Diallo and Ouba (2024), Odhiambo (2023), and Okere and Fasanya (2024) 
– have emphasized the critical roles of transparency, corruption control, the rule of law, po-
litical stability, robust institutional frameworks, and deep financial markets in shaping both 
the quantity and quality of energy consumption in Sub-Saharan Africa. These findings un-
derscore the  importance of a holistic, governance-centred approach to energy policy and 
sustainable development.

From a political economic perspective, income inequality plays a pivotal role in shaping 
patterns of energy use. Wan et al. (2022) argue that inequality leads to power asymmetries 
in society, where wealthier individuals tend to favour cheap fossil fuels to minimize costs 
and show less willingness to support environmental improvements, thereby increasing ag-
gregate energy consumption. At the same time, lower-income groups often rely on ineffi-
cient energy sources for survival, while environmentally conscious voices among the poor 
are frequently ignored due to systemic inequities (Chen et al., 2020). Mallick et al. (2019) 
further suggest that income equalization can enhance the  enforcement of  environmental 
regulations, thus improving energy sustainability outcomes. Economically, income inequal-
ity intensifies the unequal distribution of social benefits, provokes social conflict, and fuels 
short-term, individualistic consumer behaviour. This dynamic leads to  increased demand 
for low-cost, energy-intensive products driven by private benefit maximization (Wan et al., 
2022). Communities marked by income inequality tend to exhibit diminished social trust 
and lower levels of environmental awareness, which in turn undermines collective respon-
sibility and encourages environmentally harmful consumption patterns (Tan and Uprasen, 
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2021). Ahlborg et  al. (2015) found that residents in  unequal African communities show 
significantly lower interest in environmentally friendly products. Additionally, inequality is 
viewed as a barrier to technological innovation and productivity growth, further reinforcing 
high energy dependency (Sahu and Patnaik, 2020).

The energy–growth nexus has long been studied in the literature through four main hy-
potheses: the growth hypothesis, which sees energy as a driver of economic growth; the con-
servation hypothesis, which views energy demand as  a  consequence of  investment-led 
growth; the  feedback hypothesis, which posits bidirectional causality; and the  neutrality 
hypothesis, which assumes no significant relationship between the two (Atsu et al., 2021; 
Fatima et al., 2021; Lu et al., 2021). Moreover, recent contributions have examined how fi-
nancial and institutional development, trade openness, and technological progress affect 
energy demand (Yao et al., 2019; Hanif et al., 2020). Emerging findings highlight income in-
equality as a critical determinant of energy access, where growing disparities constrain en-
ergy use among low-income groups and suppress aggregate consumption (Sehrawat, 2021; 
Nkomo, 2007). The  energy ladder hypothesis offers an  important lens here, suggesting 
that as household income rises, energy preferences shift from traditional biomass to coal, 
and eventually to  electricity or  cleaner energy forms (Asongu and Odhiambo, 2024; Nar, 
2021). This dynamic reflects how energy consumption can stimulate economic growth by 
improving labour market outcomes and household income, which in turn enhances access 
to education and healthcare services, potentially reducing inequality over time. Conversely, 
persistent energy deprivation hinders educational and employment opportunities, thereby 
reinforcing poverty and inequality (Nkomo, 2007; Asongu and Odhiambo, 2021).

Despite the expanding body of literature on energy transitions and inequality, several 
important gaps remain that this study seeks to address. First, while considerable research 
has examined the relationship between income inequality and environmental degradation, 
the  direct link between income inequality and energy consumption, particularly within 
the African context, remains underexplored. Second, the nonlinear nature of this relation-
ship – especially the existence of threshold effects – has largely been overlooked, despite the-
oretical support for such dynamics. Third, there is limited empirical evidence on the mod-
erating roles of  financial development and governance quality, even though these institu-
tional factors are widely recognized as critical to energy access and policy efficiency. Finally, 
most existing studies do not account for regime-dependent effects, thus failing to capture 
how income inequality may condition or reverse the influence of financial and institutional 
variables on energy consumption. This study addresses these gaps by applying a dynamic 
panel threshold model to  a  panel of  26 African countries from 1985 to  2021. The  paper 
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contributes to the literature by identifying inequality thresholds that alter the direction and 
magnitude of institutional and financial impacts on energy use, treating income inequality 
as a threshold variable rather than a simple control. By accounting for cross-sectional de-
pendence, endogeneity, and dynamic persistence, the study offers a more nuanced under-
standing of how equitable and efficient energy systems can be promoted in highly unequal 
settings. In doing so, it provides policy-relevant insights for overcoming energy poverty and 
advancing sustainable development in Africa.

2.  Literature review

The  existing literature primarily addresses the  relationship between income inequality 
and various environmental issues such as environmental degradation, the Environmental 
Kuznets Curve (EKC), energy poverty, and carbon emissions. However, the link between in-
come inequality and energy consumption has received comparatively less attention, despite 
its critical importance for the formulation of effective economic and environmental policies. 
This relationship becomes even more complex when mediated by financial development 
and the quality of governance. In this context, understanding how financial systems, insti-
tutional structures, and governance quality influence both income distribution and energy 
consumption is essential for achieving the United Nations’ Sustainable Development Goals 
(SDGs). Several recent studies provide valuable insights into this multifaceted relationship. 
Baloch et al. (2020) examined the interplay among income inequality, poverty, and carbon 
emissions across 40 sub-Saharan African (SSA) countries between 2010 and 2016. Their 
findings revealed that rising income inequality contributes to increased carbon emissions, 
while escalating poverty further aggravates environmental degradation. Similarly, Uzar 
(2020), using panel data from 43 countries, found that income inequality has a significant 
negative impact on  renewable energy consumption. Arı (2022), focusing on  the  Turkish 
economy over the period 1989–2018, identified no long-term relationship between income 
inequality and energy consumption but reported a short-term effect, underscoring the role 
of country-specific institutional and structural dynamics.

Further contributions to this line of inquiry come from Asongu and Odhiambo (2024), 
who investigated the  effect of  income inequality on  renewable energy use by employing 
three inequality indices (Atkinson Index, Palma Ratio, and Gini Coefficient). Their results 
demonstrated that only the Atkinson Index shows a clear positive association with renewa-
ble energy consumption, particularly when it exceeds a threshold value of 0.6180. Below this 
threshold, a negative relationship – referred to as the “equality hypothesis” – was observed. 
This nuanced finding highlights the importance of considering non-linear threshold effects 
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and the limitations of generalizing such results across different SSA countries. Sarkodie and 
Adams (2020) analysed the  relationship between income inequality and energy poverty 
in 45 SSA countries over the period 1990–2017, using access to electricity as a key proxy. 
Their findings indicated that increasing income inequality significantly reduces electrici-
ty access. Similarly, Boyce (1994) argued that high-income groups influence policymaking 
through institutional corruption and political instability, sustaining fossil fuel-based policies 
and hindering the shift toward renewable energy. Berthe and Elie (2015) further noted that 
societies with widening income disparities tend to show reduced public support for environ-
mental policies, as inequality weakens collective concern for environmental sustainability.

Trotter (2016) examined the  effect of  democratization on  rural electrification using 
panel data from 46 SSA countries (1990–2010) and in-depth case studies. The study con-
cluded that democratization, competitive elections, effective policy implementation, and in-
creased national savings promote rural electrification, while high dependence on  foreign 
aid and large rural populations hinder equitable electricity access. In  another significant 
contribution, Asongu and Odhiambo (2021) used Generalized Method of Moments (GMM) 
and Quantile Regression techniques to  explore the  impact of  financial development and 
income inequality on  renewable energy consumption in  39 SSA countries. Their findings 
suggest that financial development positively influences renewable energy use, but its ef-
fect is offset by rising income inequality. Acheampong (2022) employed a two-step GMM 
estimator to assess the influence of income inequality and governance quality on electricity 
access in 43 SSA countries from 1990 to 2017. The study revealed that while income in-
equality severely restricts electricity availability, governance quality shows only a  limited 
capacity to mitigate energy poverty. This suggests that governance reforms alone may not 
be sufficient unless combined with income redistribution policies. Guo, You and Lee (2022) 
further explored how income inequality and country risk affect CO2 emissions in 73 coun-
tries, including selected African nations, over the period 1995–2014. Their results support 
an inverted U-shaped relationship between GDP and emissions and highlight that country 
risk can diminish the negative impact of inequality on emissions, especially in low- and up-
per-income countries.

Nawaz and Rahman (2023), using data from 31 countries between 2002 and 2019, 
examined how financial development, institutional quality, and human capital interact to in-
fluence renewable energy consumption. The findings highlight a U-shaped GDP–energy con-
sumption nexus and underscore the complementary role of human capital in driving the en-
ergy transition. Their study emphasizes the need for integrated policies that simultaneously 
enhance institutional quality, financial systems, and educational outcomes. Mawutor et al. 



6Politická ekonomie, 2027, 75, Forthcoming articles, https://doi.org/10.18267/j.polek.1534

Emin Efecan Aktaş

 F
in

al
 v

er
si

on
 o

f t
he

 a
rt

ic
le

 b
ef

or
e 

ed
it

or
ia

l p
ro

ce
ss

in
g

(2024) investigated the threshold effects of governance quality on the relationship between 
cost of living and energy poverty across 40 African countries using a two-step system GMM 
approach. Their results suggest that governance quality mitigates the adverse effect of in-
flation on energy poverty, but only after surpassing certain threshold levels (0.03, 0.02, and 
0.07). These findings stress the importance of surpassing minimal governance quality bench-
marks to make meaningful progress in reducing energy poverty. Finally, Ogede, Oduola and 
Tiamiyu (2024) analysed the  relationship between income inequality and CO2 emissions 
in SSA, focusing on the moderating roles of financial inclusion and institutional quality. By 
employing robust econometric techniques that account for cross-sectional dependence and 
heterogeneity, the study finds that institutional quality can significantly weaken the positive 
link between income inequality and environmental degradation. 

In sum, the literature underscores the pivotal role of financial development, institution-
al quality, and governance structures in shaping the relationship between income inequality 
and energy-related outcomes. Yet, these dynamics are highly context-dependent, structural-
ly heterogeneous, and often governed by nonlinear mechanisms that remain underexplored 
– particularly in African economies marked by deep structural inequality and institutional 
fragility. Motivated by the need to better understand these complex interactions, this study 
investigates how financial development and government quality influence energy consump-
tion across different regimes of income inequality. Specifically, it seeks to empirically iden-
tify whether threshold effects exist within this nexus and how these effects vary depending 
on inequality levels. In doing so, the study offers policy-relevant insights into balancing in-
clusive growth with environmental sustainability in the African context. To guide the empir-
ical analysis, the study tests the following hypotheses:

H1: There is a nonlinear relationship between income inequality and energy consump-
tion.

H2: Below the threshold level of inequality, financial and government quality affect en-
ergy consumption in the same direction, whereas above the threshold – that is, as ine-
quality increases – their effects on energy consumption become inverse.
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3.   Data and estimation methodology

3.1  Description of data
This study examines how financial development (fdi) and government quality (qog) influ-
ence energy consumption (enc) in selected African countries, particularly under varying lev-
els of income inequality (gini). To ensure robust estimations and avoid omitted variable bias, 
the model incorporates key control variables – real GDP (gdp), CO2 emissions (co2), popu-
lation size (pop), and gross fixed capital formation (inv) – all chosen for their theoretical 
and empirical relevance to energy demand, as established in previous studies (Boyce, 1994; 
Nkomo, 2007; Berthe and Elie, 2015; Lu et al., 2021; Sehrawat, 2021; Odhiambo, 2021; Guo 
et al., 2022; Wan et al., 2022; Nawaz and Rahman, 2023; Cai et al., 2024; Mawutor et al., 
2024; Ogede et al., 2024; Okere and Fasanya, 2024). While (fdi) reflects financial inflows 
that can boost energy-intensive activities, (qog) captures institutional quality – such as rule 
of  law, bureaucratic efficiency, and corruption control – that shapes energy governance, 
(gdp) represents economic expansion linked to rising energy demand, (co2) serves as both 
a cause and consequence of energy use, especially in fossil fuel-dependent contexts, (pop) 
reflects demand scale, and (inv) captures the effect of capital accumulation on energy-in-
tensive industrialization. Table 1 details variable definitions, sources, and units, reinforcing 
transparency and replicability.

The dataset comprises a balanced panel of 26 African countries – 21 from Sub-Saha-
ran Africa and 5 from North Africa – spanning the period 1985 to 2021, selected to ensure 
temporal breadth and regional diversity for robust empirical investigation. The starting year 
of 1985 reflects optimal data availability across the sample, while the end year aligns with 
the latest update of the IMF Financial Development Index (August 15, 2023), guaranteeing 
consistency and harmonization across variables. To address issues of scale and non-linear-
ity commonly encountered in panel data analysis, all variables – except for the inequality 
measure – are expressed in natural logarithms, facilitating coefficient interpretation as elas-
ticities. This transformation also enhances model stability and comparability. Tables 2 and 
3 present the sample composition and descriptive statistics, respectively, offering a compre-
hensive overview of variable distributions, central tendencies, and underlying heterogene-
ity across countries. The deliberate construction of a well-balanced dataset and adherence 
to established econometric practices reinforce the methodological rigour of the study and 
lay the groundwork for sound empirical estimation.
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Table 1: Basic knowledge of variables

Variable Definition Source

Dependent Variable

Energy Consumption 
(enc)

Total energy use refers to per capita primary energy 
consumption, measured in kilowatt-hours per year, 
including energy from combustible renewables and waste 
such as biomass, biogas, and municipal waste, before 
conversion into end-use fuels.

Our World in Data – 
Carbon Brief

Threshold Variable

Income Inequality 
(gini)

The Gini coefficient measures pre-tax income inequality 
on a scale from 0 (perfect equality) to 1 (perfect inequality).

World Inequality 
Database (WID)

Threshold Regime-Dependent Variables

Financial 
Development (fdi)

The Financial Development Index (FDI) is a composite 
measure based on normalized and aggregated sub-indices 
capturing various dimensions of financial development. 

International 
Monetary Fund 
(IMF) Financial 
Development Index

Government  
Quality (qog)

Government quality is similarly assessed through 
a standardized index (0–1 scale) combining corruption, 
law and order, and bureaucratic quality indicators from 
the ICRG dataset.

University 
of Gothenburg Quality 
of Government 
Institute

Threshold Regime-Independent Variables

CO2 Emission (co2)
Annual CO2 emissions, measured in metric tonnes, capture 
releases from fossil fuel combustion and industrial 
processes, excluding land-use changes.

Global Carbon Budget

Economic Growth 
(gdp) Gross domestic product (current US$) World Bank Database

Population (pop) Total population World Bank Database

Investment (inv) Gross fixed capital formation (current US$) World Bank Database

Source: Author’s own elaboration
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Table 2: Sample countries

Angola Mauritius Zimbabwe Nigeria Ghana Libya

Botswana Namibia Seychelles Niger Algeria

Lesotho Malawi Kenya Togo Morocco

South Africa Mozambique Tanzania Ethiopia Egypt

Madagascar Zambia Republic 
of the Congo Liberia Tunisia

Source: Author’s own elaboration

Table 3: Description of statistics

Variable Observation Mean Std. Dev. Minimum Maximum

gini 962 0.6226485 0.0663308 0.4879854 0.7813728

log fdi 962 −1.921451 0.5870514 −3.506558 0.5276327

log qog 962 −0.9310434 0.4277737 −3.178054 −0.1074203

log enc 962 7.997824 1.379671 5.256297 10.96625

log co2 962 0.673523 1.785474 −2.282783 4.927767

log gdp 962 7.062009 1.173346 4.130451 9.859614

log pop 962 16.15076 1.591232 11.08589 19.17868

log inv 962 4.067412 1.372953 2.045284 6.274901

Source: Author’s own calculations by using Stata/MP 17.0

Table 3 presents the descriptive statistics for the primary variables, offering a compre-
hensive summary of their central tendencies and dispersion. Key measures such as mean and 
standard deviation elucidate the typical values and variability within the dataset. The core 
variables of interest – financial development (log fdi) and government quality (log qog) – 
exhibit mean values of approximately −1.921 and −0.931, respectively, suggesting generally 
low levels of financial inflows and governance quality across the sample, likely influenced 
by structural institutional constraints in many Southern African economies. Among the con-
trol variables, population (log pop) displays the  highest mean at  16.150, highlighting the 
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substantial demographic scale and corresponding energy demand across the continent. No-
tably, the Gini coefficient peaks at around 0.78, reflecting marked income disparities within 
the region. These statistics underscore the economic, institutional, and demographic heter-
ogeneity of the sample countries, establishing a critical empirical foundation for the subse-
quent threshold analysis.

3.2  Cross-sectional dependence estimation methodology

Before selecting the appropriate analytical method, the study first tested for cross-sectional 
dependence, a critical concern in panel data models where countries may exhibit interrelat-
ed economic, social, or environmental characteristics (Chudik and Pesaran, 2013). Ignoring 
such dependencies can yield biased and inconsistent estimates, particularly in highly inte-
grated economies with trade and institutional spillovers (Menyah et al., 2014). To address 
this, the Cross-Sectional Dependence (CD) test developed by Pesaran (2015) was employed, 
as it offers robustness across various panel configurations regardless of the N/T ratio. Its 
methodological flexibility makes it especially suitable for heterogeneous datasets like the Af-
rican sample analysed in this study.
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where yit is the variable of  interest for unit 𝑖 at  time t, yt–1 and Δyt are the cross-sectional 
averages of the lagged level and first difference of the series, respectively, αi is the unit-spe-
cific intercept, and εit is the error term. The CADF test statistic for each unit is derived from 
the t-ratio of ρi*  testing the null hypothesis of a unit root (non-stationarity) against the al-
ternative of stationarity for that unit. To assess the stationarity of the panel, the Cross-sec-
tionally Augmented IPS (CIPS) test statistic is computed by taking the arithmetic average 
of the individual CADF test statistics across all units:
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3.4 Panel cointegration estimation methodology 

To examine the presence of a long-run equilibrium relationship among the variables, the 

Westerlund (2007) panel cointegration test has been employed. This test is well-suited for 

heterogeneous panels with cross-sectional dependence, as it is based on structural error-

correction models rather than residual-based approaches and provides robust inference 

through bootstrapped critical values. The test is based on the following panel error-correction 

model: 
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where yit is the dependent variable, x is a vector of explanatory variables, ϕi is the error-

correction coefficient, αi and δit capture the individual-specific intercept and deterministic 

trend, εit is the error term. The null hypothesis of no cointegration is defined as H0: ϕi = 0∀i, 

meaning that there is no error-correction and thus no long-run relationship. The alternative 

hypothesis differs by test type:  

For group mean tests (Gt, Ga): H1: ϕi < 0 for at least some i. 

For panel tests (Pt, Pa): H1: ϕi < 0 for all 𝑖𝑖. 

Rejecting the null implies the presence of cointegration among the panel variables. 

Given the evidence of cross-sectional dependence, bootstrapped p-values are used to ensure 

the robustness of inference. 

3.5 Dynamic panel threshold estimation methodology 

Threshold effects imply that the relationship between independent and dependent variables 

may vary across different levels of an explanatory variable, particularly in heterogeneous 
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oretically grounded in the notion that the relationship between institutional and financial 
factors and energy consumption is nonlinear and regime-dependent, especially in settings 
marked by structural inequality. According to political economy theory, income inequality 
can distort policy implementation, alter access to financial and energy resources, and weak-
en institutional effectiveness, thereby influencing energy consumption paths. Development 
economics further suggests that inequality affects the distributional efficiency of financial 
development and governance quality, particularly in  low- and middle-income economies. 
The threshold model captures these asymmetries by allowing for endogenous estimation 
of inequality levels at which the influence of financial and institutional variables shifts, of-
fering a more realistic and policy-relevant framework than conventional linear approaches. 
When a variable crosses a critical value – i.e., the threshold – its impact can shift in magni-
tude or direction due to underlying nonlinear dynamics and structural asymmetries. To cap-
ture such complexities, Hansen (1999) proposed a panel threshold regression model that 
endogenously estimates threshold values while accounting for unobserved heterogeneity 
and avoiding arbitrary regime classification. This method improves the  realism and reli-
ability of  inference compared to  traditional linear models by allowing regime-dependent 
behaviours to emerge directly from the data.
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contexts such as Sub-Saharan Africa. The choice of a dynamic panel threshold model is 

theoretically grounded in the notion that the relationship between institutional and financial 

factors and energy consumption is nonlinear and regime-dependent, especially in settings 

marked by structural inequality. According to political economy theory, income inequality 

can distort policy implementation, alter access to financial and energy resources, and weaken 

institutional effectiveness, thereby influencing energy consumption paths. Development 

economics further suggests that inequality affects the distributional efficiency of financial 

development and governance quality, particularly in low- and middle-income economies. The 

threshold model captures these asymmetries by allowing for endogenous estimation of 

inequality levels at which the influence of financial and institutional variables shifts, offering 

a more realistic and policy-relevant framework than conventional linear approaches. When a 

variable crosses a critical value – i.e., the threshold – its impact can shift in magnitude or 

direction due to underlying nonlinear dynamics and structural asymmetries. To capture such 

complexities, Hansen (1999) proposed a panel threshold regression model that endogenously 

estimates threshold values while accounting for unobserved heterogeneity and avoiding 

arbitrary regime classification. This method improves the realism and reliability of inference 

compared to traditional linear models by allowing regime-dependent behaviours to emerge 

directly from the data. 

𝑦𝑦𝑖𝑖𝑖𝑖 = 𝜂𝜂𝑖𝑖 + 𝜗𝜗1
′ 𝐼𝐼(𝜌𝜌𝑖𝑖𝑖𝑖 ≤ 𝛾𝛾)𝑥𝑥𝑖𝑖𝑖𝑖 + 𝜗𝜗2

′ 𝐼𝐼(𝜌𝜌𝑖𝑖𝑖𝑖 > 𝛾𝛾)𝑥𝑥𝑖𝑖𝑖𝑖 + 𝑢𝑢𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖        (5) 

In the threshold regression model, yit denotes the dependent variable, while ηi captures 

the unobserved individual-specific effects. The term xit represents the main explanatory 

(independent) variable, and ρit is the threshold variable, which determines the regime 

classification based on its value relative to the threshold level γ. The parameters ϑ1 and 

ϑ2 denote the slope coefficients corresponding to the two regimes. The function I(.) is an 

indicator function that takes the value 1 when the condition in parentheses is satisfied, and 0 

otherwise. Specifically, the panel observations are divided into two regimes based on whether 

the threshold variable ρit is less than or equal to, or greater than, the estimated threshold value 

γ. Control variables are denoted by ui and εit represents the idiosyncratic error term. The 

subscripts i and t refer to the cross-sectional unit and time period, respectively.  

𝑦𝑦𝑖𝑖𝑖𝑖 = {   𝜂𝜂𝑖𝑖 + 𝜗𝜗1
′ 𝑥𝑥𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖   (𝜌𝜌𝑖𝑖𝑖𝑖 ≤ 𝛾𝛾),   

𝜂𝜂𝑖𝑖 + 𝜗𝜗2
′ 𝑥𝑥𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖   (𝜌𝜌𝑖𝑖𝑖𝑖 > 𝛾𝛾).         (6) 

Equation 6 can also be written as figured in Equation 7: 
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𝑦𝑦𝑖𝑖𝑖𝑖 = 𝜗𝜗′𝑥𝑥𝑖𝑖𝑖𝑖(𝛾𝛾) + 𝜂𝜂𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖          (7) 

To address potential endogeneity – especially from lagged dependent variables – this 
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extended by Kremer et al. (2013), which builds on Hansen’s (1999) threshold framework. A 

key methodological refinement involves using the forward orthogonal deviations 
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∗) =  𝜎𝜎2𝐼𝐼𝑇𝑇−1.                            (8) 

The transformation applied to the error term is formally presented in Equation (9), 

which highlights the correction procedure used to eliminate individual-specific effects and 

address potential autocorrelation. 

𝜀𝜀𝑖𝑖𝑖𝑖
∗  = √ 𝑇𝑇−𝑡𝑡

𝑇𝑇−𝑡𝑡+1 [𝜀𝜀𝑖𝑖𝑖𝑖 −  1
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The threshold value  Ƴ̂ is selected as the estimate associated with the smallest sum of 

squared residuals (SSR). The corresponding threshold estimate is denoted by Ƴ, and its 

precision is assessed using a confidence interval constructed to reflect the level of statistical 

confidence, as specified below. To evaluate the statistical significance and precision of the 

estimated threshold value Ƴ̂, the likelihood ratio (LR) statistic is employed. Following Hansen 

(1999), the confidence interval for Ƴ̂, is constructed based on the no-rejection region of the 

LR statistic, rather than relying on standard asymptotic theory, as the threshold parameter 

does not follow a conventional distribution. The LR statistics are defined as: 

𝐿𝐿𝐿𝐿(Ƴ) =  𝑆𝑆(Ƴ)− 𝑆𝑆(Ƴ̂)
𝜎𝜎2          (10) 

where S(Ƴ) denotes the residual sum of squares for a given candidate threshold Ƴ, 𝑆𝑆(Ƴ̂) is the 

minimal residual sum of squares obtained at the estimated threshold Ƴ̂ and σ2 represents the 

estimated variance of the error term. 

Under the null hypothesis of no threshold effect, the distribution of the LR statistic is 

non-standard. Therefore, bootstrap methods are used to derive asymptotic critical values and 

	   (7)

To address potential endogeneity – especially from lagged dependent variables – this 
study employs the dynamic panel threshold model proposed by Caner and Hansen (2004) 
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and extended by Kremer et al. (2013), which builds on Hansen’s (1999) threshold frame-
work. A key methodological refinement involves using the forward orthogonal deviations 
transformation by Arellano and Bover (1995) to  eliminate country-specific fixed effects 
while avoiding serial correlation. This approach improves estimation efficiency and consist-
ency in dynamic settings involving endogenous regressors and nonlinear threshold effects.
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address potential autocorrelation.
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The  threshold value Ŷ  is selected as  the  estimate associated with the  smallest sum 
of squared residuals (SSR). The corresponding threshold estimate is denoted by Ƴ, and its 
precision is assessed using a confidence interval constructed to reflect the  level of statis-
tical confidence, as  specified below. To  evaluate the  statistical significance and precision 
of the estimated threshold value Ŷ  , the likelihood ratio (LR) statistic is employed. Following 
Hansen (1999), the confidence interval for Ŷ   , is constructed based on the no-rejection re-
gion of the LR statistic, rather than relying on standard asymptotic theory, as the threshold 
parameter does not follow a conventional distribution. The LR statistics are defined as:
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	  (10)

where S(Ƴ) denotes the residual sum of squares for a given candidate threshold Ƴ, S(Ŷ  ) 

is the minimal residual sum of squares obtained at the estimated threshold Ŷ    and σ2 repre-
sents the estimated variance of the error term.

Under the null hypothesis of no threshold effect, the distribution of the LR statistic is 
non-standard. Therefore, bootstrap methods are used to derive asymptotic critical values 
and construct confidence intervals for Ŷ  . The 95% confidence interval includes all values 
of Ƴ for which the LR statistic does not exceed the critical value obtained from the boot-
strap distribution. This procedure ensures robust inference regarding the threshold value, 
accounting for the complexities introduced by nonlinearity, fixed effects, and endogenous 
regressors in panel data settings.
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construct confidence intervals for Ƴ̂. The 95% confidence interval includes all values of Ƴ for 

which the LR statistic does not exceed the critical value obtained from the bootstrap 

distribution. This procedure ensures robust inference regarding the threshold value, 

accounting for the complexities introduced by nonlinearity, fixed effects, and endogenous 

regressors in panel data settings. 

𝑧𝑧𝑖𝑖𝑖𝑖 =  𝛼𝛼𝑖𝑖 + 𝜕𝜕𝜕𝜕𝑖𝑖𝑖𝑖−1 + 𝛾𝛾1𝑋𝑋𝑖𝑖𝑖𝑖−1 +  𝜙𝜙1𝑓𝑓𝑖𝑖𝑖𝑖−1 + 𝐼𝐼(𝑞𝑞𝑖𝑖𝑖𝑖−1 ≤ 𝑐𝑐) + + 𝜙𝜙1𝑓𝑓𝑖𝑖𝑖𝑖−1 + 𝐼𝐼(𝑞𝑞𝑖𝑖𝑖𝑖−1 > 𝑐𝑐) +
𝑣𝑣𝑖𝑖𝑖𝑖            (11)                                     

In the model specification, primary energy consumption (𝑧𝑧) is regressed on its lag (∂), 

financial development and institutional quality indicators (α), a set of control variables (X), 

and the threshold variable (q), representing income inequality with an estimated threshold 

level (c) determining regime shifts.  

4. Analysis findings and discussion 

The CD test results, reported in Table 4 due to character constraints, confirm the presence of 

cross-sectional dependence among the series. This finding aligns with expectations, given the 

high degree of economic and regional integration among African countries, which facilitates 

spill overs through trade, investment, and policy coordination (Menyah et al., 2014). The 

results of these tests indicate that most variables in the dataset are stationary in levels, 

suggesting that they do not contain a unit root. However, two exceptions are the logarithmic 

energy consumption log enc and logarithmic carbon dioxide emissions log co2 series, which 

are found to be non-stationary in levels. To address this, the first differences of these series 

were taken, and subsequent tests confirmed that both Δlog enc and Δlog co2 are stationary, 

indicating that they are integrated of order one, I(1). 

Table 4: Cross-sectional dependence (CSD) and CADF unit root test results 

 
CSD 

CIPS Statistics  

 Level 1st difference Result 

gini 17.22* −2.374* – I0 

log fdi 14.05* −3.042* – I0 

log qog 35.64* −3.582* – I0 

log enc 43.85* −4.063 −3.284* I1 

log co2 37.02* −1.739 −3.482* I1 

log gdp 107.16* −2.048* – I0 

vit   (11) 
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In the model specification, primary energy consumption (𝑧) is regressed on  its lag (∂), 
financial development and institutional quality indicators (α), a set of control variables (X), 
and the threshold variable (q), representing income inequality with an estimated threshold 
level (c) determining regime shifts. 

4.  Analysis findings and discussion

The CD test results, reported in Table 4 due to character constraints, confirm the presence 
of cross-sectional dependence among the series. This finding aligns with expectations, given 
the high degree of economic and regional integration among African countries, which facil-
itates spill overs through trade, investment, and policy coordination (Menyah et al., 2014). 
The results of these tests indicate that most variables in the dataset are stationary in levels, 
suggesting that they do not contain a unit root. However, two exceptions are the logarithmic 
energy consumption log enc and logarithmic carbon dioxide emissions log co2 series, which 
are found to be non-stationary in levels. To address this, the first differences of these series 
were taken, and subsequent tests confirmed that both Δlog enc and Δlog co2 are stationary, 
indicating that they are integrated of order one, I(1).

Table 4: Cross-sectional dependence (CSD) and CADF unit root test results

CSD
CIPS Statistics

Level 1st difference Result

gini 17.22* −2.374* – I0

log fdi 14.05* −3.042* – I0

log qog 35.64* −3.582* – I0

log enc 43.85* −4.063 −3.284* I1

log co2 37.02* −1.739 −3.482* I1

log gdp 107.16* −2.048* – I0

log pop 68.54* −2.648* – I0

log inv 25.73* −2.562* – I0

CV   1%  5%

Constant and trend −2.57 −2.43

Constant −2.44 −2.21

Note: * denotes statistical significance at the 1% level

Source: Author’s own calculations by using Stata MP/17.0
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Westerlund (2007) test results presented in Table 5 provide strong evidence against 
the null hypothesis of no cointegration in both models. For Model 1, where financial devel-
opment (log fdi) is the regime-dependent variable, all four test statistics (Gt, Ga, Pt, Pa) are 
statistically significant at the 1% level based on bootstrap p-values. Similar findings are ob-
served for Model 2 with government quality (log qog) as the threshold-dependent regressor. 
These results confirm the existence of a long-run cointegrating relationship among energy 
consumption, inequality, financial development, and governance quality in the panel of Afri-
can countries analyzed. This justifies the application of the dynamic panel threshold model 
and supports the inference of regime-dependent long-term effects.

Table 5: Panel cointegration test results

Test statistic Value Z-value p-value (bootstrap) Decision

Model 1: log fdi as regime-dependent variable

Gt −3.512 −4.231 0.000 Reject H0 

Ga −12.245 −5.034 0.002 Reject H0

Pt −10.654 −3.912 0.001 Reject H0

Pa −8.384 −4.026 0.001 Reject H0

Model 2: log qog as regime-dependent variable

Gt −2.971 −3.764 0.004 Reject H0

Ga −10.842 −4.512 0.006 Reject H0

Pt −9.437 −3.506 0.005 Reject H0

Pa −7.889 −3.922 0.003 Reject H0

Notes: Null hypothesis (H0): No cointegration. The results are reported with both constant and trend specifica-
tions. Bootstrap p-values are obtained from 10,000 replications, while asymptotic p-values are derived from 
the standard normal distribution. The lag and lead lengths are set to 1.

Source: Author’s own calculations by using Stata MP/17.0

The dynamic panel threshold estimation procedure begins with a preliminary assess-
ment of nonlinearity using a suite of statistical tests, including the likelihood ratio (LR) test, 
Wald test, and Fisher test. These tests evaluate the null hypothesis of a linear relationship 
against the alternative of a threshold effect, with bootstrap p-values employed to ensure ro-
bust inference, particularly in the presence of small sample sizes or cross-sectional depend-
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ence. The results, reported in Tables 6 and 7, indicate that the null hypothesis of linearity is 
strongly rejected, confirming the presence of a nonlinear relationship among energy con-
sumption, financial development, and government quality. This finding underscores the im-
portance of modelling threshold effects to accurately capture the complex dynamics at play.

Table 6: Dynamic panel threshold estimation results with financial development 
regime-dependent indicator

Variables Dependent Variable: log enc

L. log enc 0.7856 (0.0197)*

Regime-dependent regressors: The effect of financial development on energy 
consumption under income inequality threshold

log fdi (gini ≤ 0.7002)  0.0524 (0.0254)**

log fdi (gini ≤ 0.7002) −0.0255 (0.0287)**

Regime-independent regressors: The effect of control variables on energy 
consumption

log co2 0.1176 (0.0210)*

ln gdp 0.0516 (0.0124)*

log pop −0.0968 (0.0372)*

log inv 0.0362 (0.0137)*

Constant 2.7603 (0.6126)*

Threshold Regime 0.7002

90% Confidence Interval of Threshold Regime 0.6901–0.7003

Bootstrap p-value for linearity test 0.0000

Wald test 292.95

Fisher test 241.327

Observations 936

Number of instruments 14

Notes: One-step GMM findings are displayed. Coefficients are reported outside parentheses, with their co-
rresponding standard errors enclosed within parentheses. *, ** denote statistical significance at the 1%, and 
5% levels, respectively. The notation “L. log enc” refers to the first lag of the logarithmic energy consumption 
variable (log enc).

Source: Author’s own calculations by using Stata MP/17.0

The dynamic panel threshold estimation reveals that the lagged value of energy con-
sumption (L. log enc) is statistically significant and positive in both threshold regimes. This 
result suggests that changes in energy consumption exhibit a persistent, lagged effect, in-
fluencing consumption levels in subsequent periods in 26 selected African countries. For 
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instance, an increase in energy use in one period is likely to perpetuate higher consumption 
in the following period, reflecting inertia in energy demand driven by economic, infrastruc-
tural, or behavioural factors. Similarly, reductions in energy consumption may have lasting 
impacts, highlighting the importance of sustained policy interventions to achieve long-term 
energy efficiency. These findings align with the  theoretical expectations of  Diallo (2020) 
and Kremer et al. (2013) who emphasize the role of nonlinear dynamics in economic re-
lationships. The persistence of energy consumption, coupled with the nonlinear influence 
of financial development and government quality under the inequality threshold, suggests 
that policy interventions must account for threshold-specific effects and lagged respons-
es to be effective. By employing the dynamic panel threshold method, this study provides 
a robust framework for understanding how institutional and financial factors shape energy 
consumption in African contexts, offering valuable insights for policymakers aiming to pro-
mote sustainable energy transitions consistent with the previous research. The detailed re-
sults of the threshold estimation, including coefficient estimates, threshold values, and test 
statistics, are presented in Tables 5 and 6. These findings set the stage for the subsequent 
discussion of policy implications, which will explore how threshold effects and lagged dy-
namics can inform strategies for balancing energy access with environmental sustainability.

 Figure 1: Likelihood ratio statistics graph of confidence interval (log fdi)

Source: Author’s own elaboration
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Source: Author’s own elaboration 

The analysis identifies a statistically significant threshold level of income inequality 

(gini) at 0.7002, with a 90% confidence interval, delineating two distinct regimes of influence. 

The Gini coefficient, which measures income inequality before taxes and transfers, ranges 

between 0.48 and 0.78 across 26 African countries during the selected period (see Table 3). 

Africa stands out as the region with the highest level of income inequality globally. Therefore, 

it is essential to acknowledge that the countries included in the analysis are subject to high 

levels of income inequality, and the threshold value appears to be high. The likelihood ratio 

(LR) statistics, as depicted in Figures 1 and 2, exceed the critical threshold value, confirming 

the robustness and statistical significance of the estimated threshold. This finding validates the 

presence of a nonlinear relationship, highlighting the importance of modelling regime-specific 

effects to capture the complex interplay among the variables. Below the threshold inequality 

level of 0.7002, the coefficients for financial development (log fdi) and government quality 

(log qog) are 0.0524 and 0.0132, respectively, both significant at the 5% level. These positive 

coefficients indicate that increases in financial development and government quality are 

associated with higher energy consumption in this regime. This relationship suggests that, in 

contexts with relatively lower income inequality, enhanced financial systems and stronger 

governance structures facilitate greater energy use, likely by supporting energy-intensive 

economic activities and improving the implementation of energy policies. Conversely, above 

the threshold inequality level, the coefficients for (log fdi) and (log qog) are −0.0255 and 

−0.1097, respectively, also significant at the 5% and 1% levels, revealing a negative 

relationship with energy consumption. This finding implies that when income inequality 
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The  analysis identifies a  statistically significant threshold level of  income inequality 
(gini) at 0.7002, with a 90% confidence interval, delineating two distinct regimes of influ-
ence. The  Gini coefficient, which measures income inequality before taxes and transfers, 
ranges between 0.48 and 0.78 across 26 African countries during the selected period (see 
Table 3). Africa stands out as the region with the highest level of  income inequality glob-
ally. Therefore, it  is essential to  acknowledge that the  countries included in  the  analysis 
are subject to high levels of income inequality, and the threshold value appears to be high. 
The likelihood ratio (LR) statistics, as depicted in Figures 1 and 2, exceed the critical thresh-
old value, confirming the robustness and statistical significance of the estimated threshold. 
This finding validates the presence of a nonlinear relationship, highlighting the importance 
of modelling regime-specific effects to capture the complex interplay among the variables. 
Below the threshold inequality level of 0.7002, the coefficients for financial development 
(log fdi) and government quality (log qog) are 0.0524 and 0.0132, respectively, both sig-
nificant at the 5% level. These positive coefficients indicate that increases in financial de-
velopment and government quality are associated with higher energy consumption in this 
regime. This relationship suggests that, in contexts with relatively lower income inequality, 
enhanced financial systems and stronger governance structures facilitate greater energy 
use, likely by supporting energy-intensive economic activities and improving the implemen-
tation of energy policies. Conversely, above the threshold inequality level, the coefficients for 
(log fdi) and (log qog) are −0.0255 and −0.1097, respectively, also significant at the 5% and 
1% levels, revealing a negative relationship with energy consumption. This finding implies 
that when income inequality exceeds the threshold, improvements in financial development 
and government quality may lead to reduced energy consumption. Such a pattern could re-
flect diminished energy access for lower-income groups or a shift toward energy-efficient 
practices in high-inequality settings, potentially driven by institutional reforms or targeted 
financial investments.

These results indicate that, over the study period, financial development and govern-
ment quality enhance energy consumption in  African countries when income inequality 
is at or below the threshold of 0.7002. However, above this threshold, high inequality ap-
pears to counteract these positive effects, leading to a decline in energy consumption de-
spite advancements in financial and institutional frameworks. These findings are consistent 
with prior studies, including Baloch et al. (2020), Sarkodie and Adams (2020), Asongu and 
Odhiambo (2021), Atsu et al. (2021), Diallo and Ouba (2024), Mawutor et al. (2024), and 
Okere and Fasanya (2024), which highlight the  interplay between institutional quality, fi-
nancial development, and energy outcomes.
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Table 7: Dynamic panel threshold estimation results with government quality regime-
dependent indicator

Variables Dependent Variable: log enc

L. log enc 0.1662 (0.0084)*

Regime-dependent regressors: The effect of government quality on energy consumption under 
income inequality threshold

log qog (gini ≤ 0.7002) 0.0132 (0.0206)**

log qog (gini ≤ 0.7002) −0.1097 (0.0288)*

Regime-independent regressors: The effect of control variables on energy consumption

log co2 0.1120 (0.0208)*

ln gdp 0.0459 (0.0124)*

log pop −0.0867 (0.0361)**

log inv 0.0452 (0.0687)***

Constant 2.7557 (0.5674)*

Threshold Regime 0.7002

90% Confidence Interval of Threshold Regime 0.6964–0.7077

Bootstrap p-value for linearity test 0.0000

Wald test 278.37

Fisher test 252.046

Observations 936

Number of instruments 14

Notes: One-step GMM findings are displayed. Coefficients are reported outside parentheses, with their corre-
sponding standard errors enclosed within parentheses. *, **, *** denote statistical significance at the 1%, 5%, 
and 10% levels, respectively. The notation “L. log enc” refers to the first lag of the logarithmic energy consump-
tion variable (log enc).

Source: Author’s own calculations by using Stata MP/17.0

However, this study provides novelty to the literature in two keyways: 1) Regime-De-
pendent Threshold Analysis: Unlike previous studies that rarely estimate thresholds based 
solely on financial development, governance, or energy consumption, this study introduces 
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income inequality as the threshold variable. This approach allows for a nuanced examina-
tion of how financial and institutional factors influence energy consumption under different 
inequality regimes, capturing context-specific dynamics. 2) Dynamic Effects and Heteroge-
neity: By incorporating the lagged value of energy consumption and employing a dynamic 
panel threshold model, the study accounts for persistence in energy use and the heteroge-
neous institutional and economic characteristics of African countries. This contemporary 
econometric approach offers methodological superiority, providing more robust insights 
into the direction and magnitude of these effects across regimes. Among the threshold re-
gime-independent control variables, investment (log inv), carbon dioxide emissions (log co2), 
and economic growth (log gdp) exhibit positive and statistically significant effects on ener-
gy consumption, consistent with expectations. Higher levels of  investment and economic 
growth drive energy demand by fuelling industrial and infrastructural activities, while CO2 
emissions reflect the environmental footprint of energy-intensive processes and more ener-
gy consumption. In contrast, population (log pop) hurts energy consumption, a finding that 
aligns with prior research suggesting that larger populations may face energy access con-
straints in resource-scarce settings such as African countries (Nkomo, 2007; Menyah et al., 
2014; Chen et al., 2020; Guo et al., 2022; Nawaz and Rahman, 2023; Odhiambo, 2023; Ogede 
et al., 2024). These control variables ensure that the model accounts for macroeconomic and 
environmental factors, enhancing the robustness of the threshold estimation.

Figure 2: Likelihood ratio statistics graph of confidence interval (log qog)

Source: Author’s own elaboration
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Source: Author’s own elaboration 

5. Conclusions and policy implications 

The results of the analysis, detailed in Tables 6 and 7, examining how financial development 

and government quality influence energy consumption under income inequality thresholds for 

26 African countries over the period 1985–2021, provide a comprehensive understanding of 

how this interaction is moderated. Figures 1 and 2 further illustrate the statistical significance 

of the threshold, reinforcing the reliability of the findings. These insights underscore the need 

for tailored policy interventions that consider inequality thresholds to optimize energy 

consumption and promote sustainable development in African contexts. The subsequent 

discussion may explore these findings in greater depth, drawing implications for policymakers 

aiming to balance energy access with environmental and economic objectives. In contexts 

where income inequality is below a critical threshold (e.g., a logarithmic Gini coefficient of 

0.7002), financial development – manifested through expanded credit access and foreign 

direct investment – stimulates energy consumption by channelling resources into energy-

intensive sectors such as industry and infrastructure. High government quality, characterized 

by bureaucratic quality, rule of law, and low corruption, etc. may boost the efficiency of 

energy policies, further amplifying demand. However, these effects often rely on fossil fuels, 

particularly in countries with established energy systems like South Africa, posing challenges 
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5. Conclusions and policy implications

The results of the analysis, detailed in Tables 6 and 7, examining how financial development 
and government quality influence energy consumption under income inequality thresholds 
for 26 African countries over the period 1985–2021, provide a comprehensive understanding 
of how this interaction is moderated. Figures 1 and 2 further illustrate the statistical signif-
icance of the threshold, reinforcing the reliability of the findings. These insights underscore 
the need for tailored policy interventions that consider inequality thresholds to optimize 
energy consumption and promote sustainable development in African contexts. The sub-
sequent discussion may explore these findings in greater depth, drawing implications for 
policymakers aiming to balance energy access with environmental and economic objectives. 
In contexts where income inequality is below a critical threshold (e.g., a logarithmic Gini co-
efficient of 0.7002), financial development – manifested through expanded credit access and 
foreign direct investment – stimulates energy consumption by channelling resources into 
energy-intensive sectors such as industry and infrastructure. High government quality, char-
acterized by bureaucratic quality, rule of law, and low corruption, etc. may boost the efficien-
cy of energy policies, further amplifying demand. However, these effects often rely on fossil 
fuels, particularly in  countries with established energy systems like South Africa, posing 
challenges for environmental sustainability. Conversely, in high-inequality regimes, where 
disparities exceed the threshold, financial development and government quality may reduce 
energy consumption due to inequitable resource allocation, which restricts energy access 
for lower-income households and exacerbates energy poverty. This dynamic panel thresh-
old analysis, employing advanced econometric techniques to  account for cross-sectional 
dependence and stationarity, underscores the persistence of energy consumption through 
lagged effects and the heterogeneous institutional landscapes of African nations. 

To address these findings, a multifaceted and regime-sensitive policy framework is es-
sential. In  low-inequality contexts, governments should scale up green finance tools such 
as concessional loans, green bonds, and blended finance schemes to mobilize investment 
in  renewable infrastructure. At  the  same time, strengthening institutional transparency 
through open bidding systems, digital monitoring platforms, and anti-corruption reforms 
in energy procurement can enhance the impact of high-quality governance on sustainable 
energy delivery. In high-inequality regimes, targeted and inclusive instruments are needed. 
These may include direct subsidies or voucher programs for low-income households to af-
ford clean energy technologies; community-based solar micro-grids to provide off-grid rural 
populations with decentralized access; and the integration of energy access objectives into 
social assistance programs such as conditional cash transfers. Furthermore, promoting dig-
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ital financial inclusion (e.g., mobile money-enabled energy payments), energy literacy cam-
paigns, and cross-border cooperation on renewable energy corridors can reinforce equita-
ble access and institutional effectiveness across both regime types. These practical policy 
tools, tailored to varying inequality conditions, can help African governments align energy 
access goals with inclusive growth and long-term environmental sustainability.

For future academic studies, researchers could employ several analytical methods 
to capture exogenous variations in inequality, endogeneity, and relevant dynamic interac-
tions. Additionally, a quantile regression panel model could be utilized to explore how these 
relationships vary across different quantiles of energy consumption, providing insights into 
the  distributional impacts of  financial and institutional factors, particularly in  extremely 
high- or low-consumption contexts. Incorporating alternative measures of inequality, finan-
cial, and institutional indicators – such as the Atkinson index, Theil index, Palma ratio, wage 
and wealth inequality indicators, financial access, and financial depth indexes – along with 
diverse databases like the Standardized World Income Inequality Database (SWIID), Her-
itage Foundation, Freedom House, and others, would significantly enrich the contribution 
of this research to the field. These methodological advancements would enhance the robust-
ness of findings and offer deeper insights into the complex interplay of inequality, institu-
tions, and energy dynamics in African economies.
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