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Abstract 

Global progress toward universal access to affordable, reliable, and clean energy has 
stalled, with over two billion people still lacking access to clean cooking, and afford-
ability pressures are rising. AI is emerging as an energy-intensive technology and a 
potential enabler of more equitable energy systems. This paper assesses whether AI 
vibrancy contributes to advancing energy equity across countries while accounting for 
differences in economic capacity. The study employs a balanced panel of 36 countries 
from 2017 to 2023 (252 observations), drawing on the Global AI Vibrancy Tool, World 
Bank Open Data, and the World Energy Council’s Energy Trilemma Index. Box–Cox 
transformations were applied to address skewness, and panel econometric models 
(fixed and random effects) with robust standard errors were estimated. The FE model 
shows no significant within-country effect of AI vibrancy on energy equity (R² = 0.012). 
The RE model indicates a positive association: a one-unit increase in the AI vibrancy 
score results in an improvement of 0.00165 in the energy equity index (p < 0.01). At 
the same time, GDP per capita exerts a strong and highly significant effect (p < 0.001). 
The RE model explains 12.4% of the overall variation in energy equity. After correct-
ing for heteroscedasticity and cross-sectional dependence, GDP per capita remains 
significant, whereas the effect of AI vibrancy weakens to marginal significance (p ≈ 
0.09). Country-specific effects further reveal systematic over- and under-performance 
beyond what AI vibrancy and income predict, underscoring the critical role of gover-
nance and institutional quality in shaping energy equity outcomes.
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INTRODUCTION

Ecological sustainability, progress toward the Sustainable Development 
Goals (SDG), and energy equity are deeply intertwined, as the distri-
bution of clean, affordable, and reliable energy services determines 
both the environmental footprint of development and the fairness 
of its benefits and burdens. Energy systems worldwide are failing to 
deliver on the promise of SDG 7, with progress not only stalling but, 
in some cases, reversing, which makes the equity dimension newly 
urgent. The 2024 Tracking SDG 7 report warns that the world is off 
track on universal access; 2022 even saw a setback in electricity access 
after a decade of improvements, while around 2.1 billion people still 
lack access to clean cooking, resulting in severe health and gender im-
pacts, including millions of premature deaths annually from house-
hold air pollution (IEA, 2024). UN SDG monitoring similarly identi-
fies a clean-cooking deficit affecting ~2.1 billion people and projects 
that, without accelerated action, about 1.8 billion people could remain 
without clean cooking by 2030 (UNSD, 2024). In parallel, affordability 
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pressures since the 2022 price shock have strained households and public budgets, with the World Bank 
emphasizing that pricing and subsidy design are crucial for protecting individuals with low incomes while 
preserving fiscal space for investment in access (Akcura & Bloch, 2025). IMF estimates further underscore 
the scale of distortion: global fossil fuel subsidies reached USD 7 trillion (7.1% of world GDP) in 2022, com-
plicating the equitable and efficient allocation of energy and public resources (Black et al., 2023).

Against this backdrop, artificial intelligence (AI) emerges as a double-edged but potentially enabling 
force for energy equity. The IEA’s new Energy & AI analysis highlights AI’s capacity to transform fore-
casting, grid operations, outage prevention, and demand response capabilities, which can lower system 
costs and improve reliability and affordability, especially in areas where variable renewables and dis-
tributed resources are growing (IEA, 2025). Complementary to IRENA (2019), it details how AI and 
digitalization unlock system flexibility and smart electrification across end-uses (transport, buildings, 
industry), supporting wider access at lower costs through innovations in enabling technologies, market 
design, and business models.

However, AI also raises new equity risks via its electricity demand, which data centers dominate. IEA 
scenarios suggest data-center power use could exceed 1,700 TWh by 2035 (≈ 4.4% of global electricity), 
intensifying grid constraints and affordability challenges if not matched by clean capacity, flexibility, 
and efficiency improvements (IEA, 2025). This tension strengthens the case for rigorous, evidence-based 
policy, targeting subsidies, investing in grids, storage, and digital infrastructure, and leveraging AI 
where it demonstrably reduces losses, improves service quality, and enables last-mile access. Empirically 
testing whether AI vibrancy correlates with better energyequity outcomes while controlling for income 
and correcting for data issues is timely and policyrelevant in light of these international assessments 
(World Bank, 2025).

In this context, investigating the role of AI in advancing energy equity becomes both timely and neces-
sary. Global monitoring by the World Bank, the IMF, the IEA, and IRENA underscores that while uni-
versal access to affordable, reliable, and clean energy remains a critical challenge, emerging digital tech-
nologies, such as AI, offer new opportunities to address inefficiencies, reduce costs, and improve service 
delivery. At the same time, the rapid growth of AI itself raises concerns regarding energy demand, af-
fordability, and equitable access. Understanding whether and how AI vibrancy contributes to enhanc-
ing energy equity across countries is essential for academic inquiry and informing policy strategies 
aimed at achieving Sustainable Development Goal 7. This study addresses this gap by empirically exam-
ining the interaction between AI development and energy equity in a cross-country panel framework.

1. LITERATURE REVIEW

Efforts to accelerate the ecological transition in-
creasingly rely on AI as a key tool to reduce emis-
sions, optimize the use of natural resources, and 
enable the large-scale integration of renewable 
energy sources. State-of-the-art assessments high-
light how reduction curtailment, enhanced asset 
utilization, and decreased environmental foot-
print of energy production and consumption 
throughout the entire value chain can be achieved 
through AI-driven forecasting, optimization, and 
control (Ahmad et al., 2021; Liu et al., 2023; Khan 
et al., 2024). At the system level, AI embedded in 
smart grids, storage management, and demand 

response is viewed as essential for unlocking the 
ecological potential of renewables while maintain-
ing reliability and resilience (Ahmad et al., 2021; 
Bashynska et al., 2024; Kuzior et al., 2022). At the 
same time, public-sector and governance debates 
emphasize that these ecological benefits will mate-
rialize only if AI is integrated into policy and ad-
ministrative practice in ways that protect the en-
vironment, uphold human dignity, and avoid new 
forms of ecological injustice (Androniceanu, 2024; 
Mura & Stehlíková, 2025).

Operational integration of renewables hinges on 
flexibility, with AI supporting short-term forecast-
ing, optimal dispatch, and resilience of distributed 
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resources and buildings. Evidence suggests that 
AI-enabled controls can enhance reliability and oc-
cupant-centric efficiency in smart buildings, with 
spillover benefits for system-level flexibility and 
reduced environmental footprints (Liu et al., 2023). 
In microgrids, AI is combined with storage and 
electric vehicles to enhance energy management 
strategies, moderating variability from wind and 
solar sources and reducing curtailment and emis-
sions (Khan et al., 2024). At the system margin, AI 
in global supply chains enhances energy security 
through predictive risk management, complement-
ing the expansion of renewable energy and reduc-
ing exposure to disruptions linked to fossil fuels 
(Wang et al., 2025). These operational gains directly 
connect to equity by lowering costs and improving 
reliability for vulnerable users (Ahmad et al., 2021; 
Liu et al., 2023; Khan et al., 2024; Wang et al., 2025).

The diffusion of clean energy and green digital 
ventures depends on financeability, investor pro-
tection, and the ease of market entry, factors that 
determine whether AI tools translate into equita-
ble and ecological outcomes. Barriers to credit and 
minority-investor protection impede clean and 
digital energy start-ups, while supportive tax com-
pliance and streamlined registration materially im-
prove survival and scale-up prospects (Artyukhov 
et al., 2024; Halynskyi et al., 2024; Lyeonov et 
al., 2025c; Oesterreich & Barej-Kaczmarek, 2024; 
Prokopenko et al., 2023). Investment risk in re-
newable energy entrepreneurship remains a cen-
tral concern; however, AI-driven analytics can 
help mitigate this risk. Enabling policy and stable 
grid access are also decisive, including the basic 
prerequisite of reliable connections for European 
renewable energy start-ups (Dobrovolska et al., 
2024; Lyeonov et al., 2025a). Regional coopera-
tion initiatives frame AI and renewables as joint 
levers for integration and cross-border decarbon-
ization, provided governance capacity is in place 
(Vakulenko & Rekunenko, 2025). Broader mac-
ro-institutional quality further conditions envi-
ronmental outcomes, indicating that AI comple-
ments, rather than substitutes for, robust regula-
tion (Mukhtarov et al., 2024). Fiscal instruments 
and market rules, such as gas storage levies or en-
vironmental tax reform, shape flows, prices, and 
fairness in cost burden, influencing equity along 
the renewable transition (Hudak et al., 2025; 
Kurbatova et al., 2023; Samusevych et al., 2024).

Urban sustainability agendas are increasingly rely-
ing on AI to manage demand, reduce waste, and 
foster circularity, delivering ecological co-benefits 
that align with energy justice. Smart-city analyt-
ics, including AI-augmented trend detection and 
smoothing, support targeted interventions in 
mobility, buildings, and distributed generation 
(Hrytsenko et al., 2024). AI in municipal waste 
management and industrial automation acceler-
ates circular strategies, with further safety and 
environmental gains arising from AI-based risk 
detection at construction sites (Kajda & Karwot, 
2025; Zaryczańska & Karwot, 2025). At the firm 
and supply chain levels, the “twin transforma-
tion” (digital plus circular) links AI, big data, and 
green logistics to improved sustainability perfor-
mance and resource efficiency (Waqas et al., 2025). 
Consumer-facing AI (marketing analytics, engage-
ment modelling, neuro-based message testing) 
can elevate energy awareness and promote pro-
environmental behaviors, complementing techni-
cal decarbonization (Lazaroiu & Rogalska, 2024; 
Piwowarski, 2024; Glos & Karwot, 2025). Forecasts 
of sustainable consumption highlight the demand-
side importance of renewable uptake and equitable 
cost distribution (Kontautienė et al., 2024).

Public-sector readiness determines whether AI 
delivers social and ecological dividends. Change 
management and civil service capability are re-
peatedly identified as prerequisites for respon-
sible adoption, including in energy-relevant ad-
ministrative processes (Barodi & Lalaoui, 2025). 
Digital transformation in finance and industry 
expands management control and sustainability 
tracking, but also raises implementation hurdles 
in heavy emitters such as petrochemicals, where 
AI can support cleaner operations if socio-eco-
nomic challenges are addressed (El Massaoudi et 
al., 2025; Elmaghraby et al., 2025). Organizational 
work highlights AI’s contribution to resilient lead-
ership and productivity, which enables the orga-
nizational bandwidth needed for deep renewable 
transitions (Ayu Gusti et al., 2024; Koldovskyi et 
al., 2025; Kozhakhmetova et al., 2024; Ibadildin et 
al., 2025). Ethical, privacy, and security concerns, 
spanning traffic enforcement, law enforcement 
use cases, social media data mining, and public 
anxieties, require explicit safeguards to prevent 
inequitable outcomes and reinforce legitimacy 
(Haley, 2025; Haley & Burrell, 2025; Wieczorek & 
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Postrzednik-Lotko, 2025; Yarovenko et al., 2024, 
2025). Sector-specific risks in health and critical 
services underline the need to integrate cyber-re-
silience and sustainability criteria into AI gover-
nance (Sidii, 2024).

AI supports energy security by strengthening 
renewable-heavy systems and aligning ecologi-
cal aims with reliability, while RES expansion 
in the EU shows that security assessments must 
incorporate renewable penetration and digital 
flexibility (Wang et al., 2025; Kuzior et al., 2025). 
Public interest and scholarly output on renew-
ables, mapped via digital traces and bibliomet-
rics, indicate growing societal and academic 
momentum, which AI can harness to accelerate 
just transitions (Lyeonov et al., 2025c). Citizen-
facing interventions, including AI-informed en-
vironmental communication, influence waste 
sorting and green behaviors, suggesting a path-
way for shared ownership of ecological goals 
(Lyeonov et al., 2025b). Adjacent domains, in-
surance acceptance among older adults, e-re-
cruitment transparency, customer feedback 
analytics, and project-efficiency enhancement, 
demonstrate how AI normalizes digital partici-
pation and may reduce inclusion gaps relevant 
to energy justice (Chandran & Tholath, 2025; 
Pollifroni et al., 2025; Zakharchenko et al., 2025; 
Kildei et al., 2025; Kozhakhmetova et al., 2024). 
Entrepreneurship ecosystems, cyber-insurance 
in Agriculture 4.0, and knowledge economy de-
velopment further contextualize how risk trans-
fer, innovation, and local capacity intersect with 
green and digital agendas (Sitnicki et al., 2024a; 
Sitnicki et al., 2024b; Kritikos et al., 2025; S. 
Kumar & J. Kumar, 2024). Geopolitical dynam-
ics shape access to technology and supply-chain 
resilience, implying that AI-enabled energy jus-
tice is also contingent upon strategic conditions 
in contested regions (Ahmed, 2025).

The literature converges on AI as a system-level 
enabler of ecological performance and renew-
able integration, with tangible gains in flexibil-
ity, reliability, and consumer engagement when 
aligned with robust institutions and ethical 
safeguards (Ahmad et al., 2021; Liu et al., 2023; 
Khan et al., 2024; Waqas et al., 2025). At the 
same time, financial, regulatory, and organi-
zational prerequisites condition whether these 

digital efficiencies translate into equitable ac-
cess and fair cost burdens across households 
and firms (Artyukhov et al., 2024; Dobrovolska 
et al., 2024; Halynskyi et al., 2024; Hudak et 
al., 2025). Overall, bridging digital innovation 
and energy justice depends on coupling AI with 
credible governance, inclusive finance, and citi-
zen-centered engagement so that renewable ex-
pansion delivers both ecological gains and dis-
tributive fairness (Kuzior et al., 2025; Lyeonov 
et al., 2025a; Mura & Stehlíková, 2025).

The literature demonstrates that AI can play an 
enabling role in advancing energy equity by facili-
tating clean energy transitions, improving the re-
silience and inclusiveness of energy systems, and 
supporting governance and consumer engage-
ment. However, the evidence also highlights that 
AI’s potential is contingent on strong institutional 
frameworks, ethical safeguards, and complemen-
tary socio-economic policies. This underscores 
the importance of empirical research that exam-
ines the extent to which AI vibrancy translates 
into measurable improvements in energy equity 
across countries.

This study aims to empirically investigate the 
relationship between artificial intelligence vi-
brancy and energy equity in a panel of countries, 
using GDP per capita as a control for economic 
capacity.

2. METHODOLOGY

2.1. Data sources

The analysis combines three internationally recog-
nized databases:

• Dependent variable – Energy Equity –is drawn 
from the World Energy Council’s Energy 
Trilemma Index (World Energy Council, n.d.). 
The Energy Equity dimension evaluates a 
country’s capacity to provide universal access 
to reliable, affordable, and abundant energy 
for households and businesses, encompass-
ing indicators such as access to electricity and 
clean cooking fuels, energy consumption that 
fosters prosperity, and the affordability of en-
ergy services.
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• Predictor – AI Vibrancy – data are obtained 
from the Global AI Vibrancy Tool developed 
by Stanford University’s Human-Centred 
Artificial Intelligence Institute (Stanford 
University, n.d.). The tool provides a mul-
tidimensional index capturing AI activity 
across research, investment, and talent indi-
cators, ref lecting national AI development 
and adoption capabilities.

• GDP per capita is a proxy for economic ca-
pacity, and GDP per capita (constant 2015 
USD) is sourced from the World Bank Open 
Data platform (World Bank, n.d.). This con-
trol variable accounts for structural differ-
ences in income levels that may inf luence 
the provision of equitable energy access.

2.2. Panel construction

The study constructs a balanced panel of 36 
countries observed over the period 2017–2023, 
yielding a total of 252 observations. Data were 
harmonized across sources and processed in R 
Studio. Box-Cox transformations were applied 
to address the strong skewness in the raw dis-
tributions of AI vibrancy and energy equity, en-
suring that the data conformed more closely to 
the assumptions of linear regression analysis. 
Descriptive statistics were computed to charac-
terize the dataset prior to estimation.

The coverage of the Global AI Vibrancy Tool 
database restricts the sample of countries in 
this study. As a result, the analysis includes 36 
economies: Australia, Austria, Belgium, Brazil, 
Canada, China, Denmark, Estonia, Finland, 
France, Germany, India, Ireland, Israel, Italy, 
Japan, Luxembourg, Malaysia, Mexico, the 
Netherlands, New Zealand, Norway, Poland, 
Portugal, Russia, Saudi Arabia, Singapore, Spain, 
South Africa, South Korea, Sweden, Switzerland, 
Turkey, the United Arab Emirates, the United 
Kingdom, and the United States. The Global AI 
Vibrancy Tool was selected as the primary data 
source for AI measurement because it provides 
the longest consistent time series (2017–2023) 
across a wide range of countries, enabling the 
construction of a balanced panel dataset suit-
able for econometric analysis.

2.3. Empirical strategy

The study employs a panel econometric framework 
to examine the relationship between AI vibrancy 
and energy equity across countries, controlling for 
the role of economic development. The empirical 
specification is expressed as:

1

2
,

it it

it i it

EnergyEquity AIVibrancy

GDPpc

α β
β µ ε

= +

+ + +
 (1)

where EnergyEquity
it
 is the energy equity index 

of country i at time t, AIVibrancy
it
 measures AI-

related activity and capacity, and GDPpc
it 

denotes 
GDP per capita (in constant 2015 US dollars). The 
term μ

i
 captures unobserved country-specific ef-

fects, while ε
it
 is the idiosyncratic error.

Two model specifications are considered. The fixed 
effects (FE) model controls for unobserved time-
invariant heterogeneity, capturing within-country 
variation. The random effects (RE) model utilizes 
both within- and between-country variation but 
assumes that unobserved effects are uncorrelated 
with the regressors. The Hausman test guides mod-
el choice. Given evidence of heteroscedasticity and 
cross-sectional dependence in the residuals, robust 
inference is conducted using heteroscedasticity-
consistent and Driscoll-Kraay standard errors.

3. RESULTS

The descriptive statistics reveal substantial varia-
tion in the dataset across the three main vari-
ables. The Vibrancy Score (x1) exhibits a high 
standard deviation (85.63) compared to its mean 
(18.46), with extreme maximum values reach-
ing 1363.0. The strong positive skewness (15.36) 
and extremely high kurtosis (238.22) indicate the 
presence of severe outliers and a highly non-nor-
mal distribution. This suggests that while most 
countries or cases record relatively low vibrancy 
scores, a few observations display disproportion-
ately high values, which can significantly affect re-
gression estimates if not correctly accounted for. 
Transformation might therefore be necessary to 
normalize the distribution.

The GDP per capita (x2) variable is widespread, 
ranging from 1,788.70 to 110,425.9 (constant 2015 
USD). Although the mean (39,151.71) and median 
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(40,501.44) are relatively close, the distribution ex-
hibits slight positive skewness (0.68), indicating 
that a few high-income economies tend to pull 
the distribution upward. Nevertheless, its kurtosis 
value (0.18) indicates a distribution not heavily in-
fluenced by extreme outliers.

The Energy Equity Index (y), similar to the 
Vibrancy Score, also exhibits severe non-normal-
ity. Its mean (123.07) is heavily influenced by ex-
treme outliers, given the maximum of 8,711.0 and 
a relatively small median (95.06). Both skewness 
(15.67) and kurtosis (244.73) confirm a highly 
skewed and heavy-tailed distribution. This may 
imply that most economies have clustered moder-
ate equity scores, while a few register extraordi-
narily high values, again necessitating transfor-
mation before econometric analysis.

The statistics suggest that while GDP per capita is 
relatively stable across countries, both Vibrancy 
Score and Energy Equity Index display extreme 
outliers and heavy skewness. Addressing these 
distributional properties will be crucial for ensur-
ing robust econometric results.

The Box–Cox procedure estimated the optimal 
transformation parameter as λ = –0.71, with 
a 95% confidence interval of –1 to 0. This in-
dicates that the original dependent variable is 
highly skewed and departs significantly from 
normality. A negative λ implies that recipro-
cal-type transformations are most suitable for 
stabilizing variance and improving the normal 
distribution of residuals. Specifically, λ = –0.71 
lies between the conventional reciprocal trans-
formation (λ = –1) and the log transformation (λ 
= 0). This suggests that the data require a strong 
variance-stabilizing adjustment, though not as 
extreme as a full reciprocal.

The Box–Cox likelihood profile (Figure 1) supports 
this conclusion. The curve reaches its maximum 
log-likelihood around λ ≈ –0.71, while the 95% 
confidence interval (bounded by vertical dashed 
lines) excludes λ = 1, indicating that no transfor-
mation (raw scale) would be inappropriate. The 
fact that λ = 0 (logarithmic transformation) lies 
within or close to the confidence interval suggests 
that a log transformation could be considered a 
practical alternative. However, the estimated λ 
provides the most statistically efficient adjustment.

In practical terms, applying this transformation 
reduces the influence of extreme outliers and 
heavy skewness in the dependent variable, lead-
ing to more reliable regression estimates and im-
proved compliance with the assumptions of linear 
modelling.

The Box–Cox analysis for the Vibrancy Score (x1) 
estimated an optimal λ of –0.02, with the 95% 
confidence interval encompassing λ = 0. This re-
sult suggests that the data are best approximated 
by a transformation close to the natural logarithm. 
Since the estimated λ lies extremely close to zero, 
a log transformation provides a statistically valid 
and practically convenient approach.

The likelihood profile shown in Figure 2 supports 
this interpretation. The maximum log-likelihood 
occurs near λ = –0.02, while the confidence band 
around the peak includes λ = 0, confirming that 
the logarithmic specification is an acceptable sim-
plification. Unlike the case of y, where a strongly 
negative λ was preferred, the distribution of x1 
requires only a mild correction. Applying the log 
transformation is expected to reduce the heavy 
right skewness observed in the raw variable and 
improve its suitability for regression modelling by 
stabilizing variance and approximating normality.

Table 1. Descriptive statistics of variables
Variable Vibrancy Score (x1) GDP per capita (constant 2015 USD) (x2) Energy Equity Index (y)

Obs. (n) 252 252 252

Mean 18.46 39,151.71 123.07

Std. Dev. 85.63 24,860.40 543.3

Median 11.18 40,501.44 95.06

Min 0.34 1,788.70 38.63

Max 1363 110,425.9 8711

Range 1,362.66 108,637.19 8,672.37

Skewness 15.36 0.68 15.67

Kurtosis 238.22 0.18 244.73
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The Box-Cox analysis for the Vibrancy Score (x1) 
estimated an optimal λ of –0.02, with the 95% 
confidence interval encompassing λ = 0. This re-
sult suggests that the data are best approximated 
by a transformation close to the natural logarithm. 
Since the estimated λ lies extremely close to zero, 
a log transformation provides a statistically valid 
and practically convenient approach.

The likelihood profile shown in Figure 2 supports 
this interpretation. The maximum log-likelihood 
occurs near λ = –0.02, while the confidence band 
around the peak includes λ = 0, confirming that 
the logarithmic specification is an acceptable sim-
plification. Unlike the case of y, where a strongly 
negative λ was preferred, the distribution of x1 
requires only a mild correction. Applying the log 
transformation is expected to reduce the heavy 
right skewness observed in the raw variable and 
improve its suitability for regression modelling by 
stabilizing variance and approximating normality.

The histograms in Figure 3 demonstrate the effect 
of Box–Cox transformations on the Vibrancy Score 

(x1) and the Energy Equity Index (y). In their origi-
nal form, both variables exhibit strong right skew-
ness, with most observations concentrated at the 
lower end of the distribution and a small number 
of extreme outliers driving long upper tails. This is 
consistent with the high skewness and kurtosis val-
ues reported in the descriptive statistics.

After transformation, the distributions of both vari-
ables become notably more symmetric. For x1, the 
log-type transformation (λ ≈ 0) successfully com-
presses the scale, reducing the influence of extreme 
values and producing an approximately bell-shaped 
distribution centered between 2 and 4. For y, the re-
ciprocal-type transformation (λ ≈ –0.71) similarly 
reduces skewness, clustering most values within a 
much narrower range (1.33–1.37) compared to the 
raw scale. Although the transformed y variable re-
mains tightly concentrated, the distribution is signif-
icantly closer to normality than the original.

The Box-Cox procedure stabilizes variance and 
reduces non-normality for both indicators. This 
adjustment is essential for ensuring that subse-

Figure 1. The Box-Cox likelihood profile for y

Figure 2. The Box–Cox likelihood profile for x1
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quent regression modelling satisfies the stan-
dard assumptions of linearity, homoscedasticity, 
and normally distributed residuals.

The FE (within) model indicates that neither 
the Vibrancy Score (x1_bc) nor GDP per cap-
ita (x2) significantly explains variation in the 
transformed Energy Equity Index (y_bc) af-
ter controlling for time-invariant heterogene-
ity across countries. The coefficients are small 
in magnitude, with p-values far above conven-
tional significance levels (p = 0.1185 for x1_bc 
and p = 0.4625 for x2). The explanatory power 
is weak, as shown by an R-squared of 0.012, and 
the F-statistic fails to reject the null hypothesis 
that the independent variables jointly have no 
explanatory power (p = 0.267). This suggests 
that within-country temporal variation in vi-
brancy and income levels does not substantially 

account for changes in energy equity after re-
moving unobserved country characteristics.

In contrast, the RE model yields statistically sig-
nificant results. Both Vibrancy Score (x1_bc) and 
GDP per capita (x2) are positively associated with 
the Energy Equity Index at high levels of statistical 
significance (p < 0.01). The estimated coefficients 
imply that a marginal increase in vibrancy and in-
come is associated with measurable improvements 
in energy equity across the panel. The R-squared 
(0.124) indicates moderate explanatory power, and 
the model passes the joint significance test (Chi-sq 
= 35.26, p < 0.001).

The apparent contrast between the RE and FE es-
timates arises from how the two estimators ex-
ploit variation in the data. The RE model utilizes 
between-country variation (cross-sectional differ-

Figure 3. The effect of applying Box–Cox transformations to the Vibrancy Score (x1)  
and the Energy Equity Index (y)

Table 2. Fixed effects and random effects estimates for Energy Equity Index

Variable
FE model RE model

FE Estimate Std. Error t-value p-value RE Estimate Std. Error z-value p-value

Intercept – – – – 1.3439 0.0020 672.27 < 0.0001***

Vibrancy Score (x1_bc) 0.00094 0.00060 1.57 0.119 0.00165 0.00056 2.95 0.003**

GDP per capita (x2) < 0.0001 < 0.0001 0.74 0.463 < 0.0001 < 0.0001 4.06 < 0.0001***

R-squared 0.0123 0.1240

Adjusted R-squared –0.1585 0.1170

F-test / Chi-sq F = 1.33 (p = 0.267) χ² = 35.26 (p < 0.001)

Note: ‘***’ – 0.001; ‘**’ – 0.01; ‘*’ – 0.05; ‘.’ – 0.1; ‘no symbol’ – insignificant.
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ences across units) and within-country variation 
(changes over time within the same unit). Since 
energy equity, GDP per capita, and vibrancy scores 
display substantial structural differences across 
countries, for example, more prosperous econo-
mies systematically record higher equity scores, the 
RE estimator captures this cross-sectional signal 
and produces statistically significant results.

By contrast, the FE model removes all time-invari-
ant country-specific effects and relies exclusively 
on within-country temporal variation. Once these 
fixed characteristics are differenced, the remain-
ing year-to-year changes in GDP per capita and 
vibrancy scores are relatively modest compared 
to the significant structural disparities between 
countries. Consequently, the coefficients lose sta-
tistical power, making the FE results insignificant. 
This does not imply that no relationship exists, but 
instead that the explanatory strength is primarily 
driven by persistent cross-country heterogeneity 
rather than short-term within-country dynamics.

The Breusch-Pagan test for heteroscedasticity 
yields a statistically significant result (BP = 8.99, 
p = 0.011). This indicates that the assumption of 
homoscedasticity is violated, suggesting that the 
variance of the residuals is not constant across ob-
servations. In the context of panel data, specific 
units contribute disproportionately to the overall 
error structure, potentially biasing the conven-
tional standard errors of the estimated coefficients. 
Robust variance–covariance estimators are there-
fore required to correct for this heteroscedasticity.

The Wooldridge/Breusch-Godfrey test for serial 
correlation in the idiosyncratic errors does not re-

ject the null hypothesis (χ² = 1.33, p = 0.988). This 
implies no evidence of serial correlation in the 
within-unit residuals over time, suggesting that 
temporal dependence is not a concern for the RE 
specification.

The tests for cross-sectional dependence provide 
mixed evidence. The Breusch–Pagan LM test 
is highly significant (χ² = 893.04, p < 0.001), in-
dicating a strong correlation of residuals across 
cross-sectional units. This is not surprising in 
macro-panel settings, where countries may be si-
multaneously affected by global shocks or regional 
spillovers. However, the Pesaran CD test, which is 
more appropriate for panels with many cross-sec-
tional units and smaller time dimensions, does not 
indicate significant cross-sectional dependence (z 
= –0.63, p = 0.531). Given the relatively balanced 
panel size (36 countries over 7 years), the LM test 
result is more likely to be informative, highlight-
ing the need to account for contemporaneous cor-
relation between units.

These results suggest that while the RE model 
does not suffer from autocorrelation, it is affected 
by heteroscedasticity and cross-sectional depen-
dence. Consequently, inference based on conven-
tional standard errors would be misleading, and 
robust estimators such as Driscoll–Kraay or clus-
ter-robust standard errors are recommended to 
ensure reliable hypothesis testing and coefficient 
significance.

The analysis highlights a nuanced interaction be-
tween AI vibrancy and energy equity. At the same 
time, the econometric results show only weak evi-
dence of a direct within-country effect of AI vi-

Table 3. RE model with robust standard errors

Variable Estimate Robust SE (HC1, 

Clustered)
t-value p-value

Robust SE 

(Driscoll-Kraay)
t-value p-value

Intercept 1.3439 0.00383 350.91 < 0.0001*** 0.00305 440.41 < 0.0001***

Vibrancy Score 

(x1_bc)
0.00165 0.00095 1.74 0.083. 0.00098 1.69 0.093.

GDP per capita (x2) < 0.0001 < 0.0001 3.05 0.003** < 0.0001 4.69 < 0.0001***

N (Obs.) 252

Individuals (n) 36

Time periods (T) 7

R-squared (overall) 0.124

Note: ‘***’ – 0.001; ‘**’ – 0.01; ‘*’ – 0.05; ‘.’ – 0.1; ‘no symbol’ – insignificant. HC1 standard errors are heteroscedasticity-
robust and clustered at the individual level. Driscoll-Kraay standard errors are robust to heteroscedasticity, serial correlation, 
and cross-sectional dependence.
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brancy on the Energy Equity Index; the consis-
tently positive association across specifications 
highlights the potential for AI-driven innovations 
to support equitable energy access. Energy equity, 
defined as a country’s ability to provide universal 
access to reliable, affordable, and abundant energy, 
encompasses both basic needs, such as access to 
electricity and clean cooking fuels, and prosperi-
ty-enabling dimensions, including sufficient ener-
gy for domestic and commercial use. In this con-
text, AI applications in demand forecasting, smart 
grids, predictive maintenance, and pricing mech-
anisms may reduce inefficiencies and improve af-
fordability, thereby indirectly strengthening the 
equity dimension of energy systems.

At the same time, the findings confirm the central 
role of economic capacity, as measured by GDP 
per capita, in determining energy equity outcomes. 
Wealthier economies have greater financial and 
institutional resources to expand infrastructure, 
subsidize access, and invest in advanced technolo-
gies such as AI-enabled energy management. This 
implies that AI alone cannot bridge the equity gap 
unless embedded in broader structural transfor-
mations supported by adequate economic devel-
opment. For lower- and middle-income countries, 
targeted policies combining AI deployment with 
investments in affordability, clean technologies, 

and access-oriented infrastructure are essential. 
Ultimately, the interplay between AI and energy 
equity is not merely technological but socio-eco-
nomic: AI can act as an enabling instrument, but 
its effectiveness depends on a country’s underly-
ing capacity to integrate innovations into equita-
ble and inclusive energy strategies.

The country-specific effects (Table 4) represent the 
random intercepts from the random effects model, 
that is, systematic deviations of each country’s av-
erage (transformed) energy equity from the over-
all panel mean after controlling for AI vibrancy 
and GDP per capita. Positive values of  indicate 
that, given the same levels of AI vibrancy and 
income, a country tends to achieve higher-than-
average energy equity. At the same time, negative 
values indicate lower-than-average energy equity. 
The magnitudes are small because they are ex-
pressed on the Box–Cox–transformed scale of the 
Energy Equity Index, where the overall variation 
is already compressed.

Interpreting the pattern, several countries stand 
out. Portugal (0.0104), Saudi Arabia (0.0078), 
Estonia (0.0055), Poland (0.0044), Spain (0.0048), 
the United Arab Emirates (0.0042), and New 
Zealand (0.0031) show relatively high positive 
country effects, suggesting that their institutional, 

Table 4. Estimated country effects from the random effects model

No. Country Random Effect (u_i) No. Country Random Effect (u_i)
1 Australia 0.0003987 19 Mexico –0.0043379

2 Austria 0.0025710 20 Netherlands 0.0012771

3 Belgium 0.0028460 21 New Zealand 0.0031263

4 Brazil –0.0063121 22 Norway –0.0030432

5 Canada 0.0021890 23 Poland 0.0044188

6 China 0.0026647 24 Portugal 0.0104050

7 Denmark 0.0002959 25 Russia –0.0003296

8 Estonia 0.0054759 26 Saudi Arabia 0.0077540

9 Finland 0.0008257 27 Singapore –0.0024334

10 France 0.0036392 28 South Africa –0.0117508

11 Germany 0.0028360 29 South Korea 0.0026988

12 India –0.0275297 30 Spain 0.0047906

13 Ireland –0.0037045 31 Sweden 0.0002330

14 Israel 0.0028726 32 Switzerland –0.0042513

15 Italy 0.0030087 33 Turkey –0.0009006

16 Japan 0.0029198 34 United Arab Emirates 0.0042359

17 Luxembourg –0.0072061 35 United Kingdom 0.0017492

18 Malaysia –0.0006685 36 United States –0.0007641

Note: Values represent estimated random intercepts  from the Random Effects model. Positive values indicate above-average 
country performance in energy equity after controlling for AI vibrancy and GDP per capita. Negative values indicate below-
average performance. All values are reported on the Box–Cox–transformed scale of the Energy Equity Index.
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regulatory, or structural conditions allow them to 
deliver slightly better energy equity than would be 
expected purely from AI vibrancy and GDP lev-
els. By contrast, India (−0.0275) and South Africa 
(−0.0118) exhibit the most negative effects, indicat-
ing systematic underperformance in energy equity 
relative to their AI and income characteristics. At 
the same time, Brazil, Luxembourg, Switzerland, 
Mexico, and Norway also display modest negative 
deviations. For most advanced economies (e.g., 
Germany, France, Japan, Canada, Sweden), the 
effects are small and close to zero, implying that 
performance is broadly in line with model predic-
tions and that there is limited additional country-
specific advantage or disadvantage once AI and 
income are taken into account.

4. DISCUSSION

The empirical results reveal a complex and un-
even relationship between AI vibrancy and en-
ergy equity. The fixed effects model suggests that 
there is no statistically significant within-coun-
try effect of AI vibrancy on energy equity. In con-
trast, the random effects model reveals a positive 
association, though this relationship becomes 
weaker when robust standard errors are applied. 
By contrast, GDP per capita emerges as a con-
sistently strong determinant of equity outcomes 
across specifications. These findings suggest that 
the explanatory power of AI vibrancy lies more 
in cross-country differences than in short-term 
within-country changes, highlighting the struc-
tural dependence of energy equity on broader 
economic development.

This conclusion aligns with previous scholarship 
emphasizing the foundational role of institutional 
and financial capacity in enabling equitable en-
ergy transitions. Studies on clean and digital en-
ergy start-ups underline that access to credit, sup-
portive regulatory environments, and institution-
al quality remain critical enablers of innovation 
and equitable outcomes (Artyukhov et al., 2024; 
Halynskyi et al., 2024; Mukhtarov et al., 2024). 
The absence of significant within-country effects 
in the fixed-effects model mirrors the challenges 
identified in these works, as short-term dynamics 
of AI adoption alone are insufficient to drive eq-
uity without systemic institutional support.

The results further align with evidence that in-
come levels have a significant influence on energy 
equity. Research on energy poverty, sustainable 
consumption, and consumer satisfaction confirms 
that economic development conditions affordabil-
ity and access to energy services (Oesterreich & 
Barej-Kaczmarek, 2024; Kontautienė et al., 2024; 
Li et al., 2022). This consistency across empirical 
and conceptual findings suggests that while AI 
may improve system efficiency and governance, 
its impact on equity remains contingent upon the 
economic resources available to support infra-
structure and affordability measures.

Nonetheless, the positive associations observed 
in the random effects model provide support for 
the view that AI can act as an enabling instru-
ment when structural conditions are favorable. 
Literature on smart cities, circular economy trans-
formations, and sustainable business leadership 
suggests that AI has the capacity to enhance resil-
ience, optimize service provision, and strengthen 
pro-environmental behaviors (Hrytsenko et al., 
2024; Waqas et al., 2025; Koldovskyi et al., 2025). 
These findings align with the positive coefficients 
in the RE model, which suggest that countries 
with stronger AI ecosystems and higher income 
levels are better positioned to translate digital in-
novation into equitable energy outcomes.

At the same time, the weakened significance of AI 
vibrancy under robust standard errors reflects the 
concerns raised in studies on ethical risks, insti-
tutional readiness, and socio-economic disparities 
in digitalization. Evidence on bias in AI systems, 
civil servants’ preparedness, and ethical dilem-
mas in traffic enforcement reinforces the need for 
governance frameworks that prevent technologi-
cal adoption from reproducing inequalities (Haley, 
2025; Barodi & Lalaoui, 2025; Mura & Stehlíková, 
2025). The econometric findings thus support the 
argument that without deliberate policies and gov-
ernance safeguards, AI’s potential contribution to 
energy equity will remain limited.

The study contributes to the literature by demon-
strating that AI vibrancy has a positive but modest 
relationship with energy equity across countries, 
confirming broader findings that technological 
innovation is most effective when embedded in 
supportive institutional and economic contexts. 
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These results underscore the need to frame AI 
not as a stand-alone solution but as part of a wid-
er socio-economic and policy framework aimed 
at achieving equitable and sustainable energy 
systems.

Despite its contributions, this paper is subject to 
several limitations. First, the sample is restrict-
ed to the 36 countries covered by the Global AI 
Vibrancy Tool, which excludes many developing 
economies where energy equity challenges are 
most acute, thereby limiting the generalizabil-
ity of the findings. Second, the dataset period 
(2017–2023) is relatively short for panel econo-
metric analysis, reducing the ability to capture 

long-term dynamics between AI development 
and energy equity. Third, both AI vibrancy and 
energy equity are measured through composite 
indices, which, although comprehensive, may 
mask important sectoral or regional disparities 
within countries. Fourth, the study does not ex-
plicitly address potential endogeneity between 
AI adoption and energy equity, relying instead 
on robustness checks to mitigate bias. Finally, 
the analysis is constrained by data availability. 
It does not incorporate complementary factors 
such as institutional quality, regulatory frame-
works, or investment in energy infrastructure, 
which may also shape the nexus between AI and 
equitable energy access.

CONCLUSION

This study aimed to empirically assess whether AI vibrancy contributes to advancing energy equity 
across countries while accounting for differences in economic capacity. 

The econometric results indicate a nuanced role of AI vibrancy in shaping energy equity. The FE model, 
based on within-country variation, finds no significant effect of either AI vibrancy or GDP per capita 
on energy equity. In contrast, the RE model, which utilizes both cross-country and temporal variation, 
reveals positive and significant effects for both variables (AI vibrancy: +0.00165 on the equity index, p 
< 0.01; GDP per capita: p < 0.001; R² = 0.124). After correcting for heteroscedasticity and cross-sectional 
dependence, GDP per capita remains strongly significant. At the same time, the effect of AI vibrancy 
falls to marginal significance (p ≈ 0.09), suggesting that economic development is the primary driver 
of energy equity, with AI vibrancy playing a supportive but secondary role. Country-specific effects 
further reveal that some countries systematically over- or underperform relative to their AI vibrancy 
and income, underscoring the importance of governance quality and energy institutions in translating 
technological and economic capacity into fair and sustainable energy access.

From a policy perspective, the results highlight several priorities. First, economic capacity remains the 
strongest predictor of energy equity, underscoring the need for inclusive growth strategies that expand 
fiscal space for infrastructure and access investments. Second, AI should be regarded as a complemen-
tary enabler rather than a substitute for traditional drivers of energy equity. Policymakers should focus 
on targeted applications of AI in energy forecasting, grid optimization, outage prevention, and demand-
side management, where cost reductions and efficiency gains can directly enhance affordability and 
reliability. Third, robust governance frameworks are required to mitigate risks linked to AI’s energy 
demand, particularly the rapid expansion of data centers that could consume over 1,700 TWh by 2035 
if left unchecked. Therefore, investment in clean capacity, smart grids, and storage solutions is critical 
to ensure that AI adoption does not undermine equity objectives. Finally, international cooperation is 
essential to support lower- and middle-income countries, combining the deployment of AI with conces-
sional financing, technology transfer, and capacity building to extend equitable access to energy.

The study demonstrates that AI can play a significant role in promoting energy equity, but its impact 
depends on broader structural and economic factors. Harnessing AI’s potential requires deliberate in-
tegration into national energy strategies, with equity as a guiding principle alongside efficiency and 
sustainability.
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