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E-GOVERNMENT DEVELOPMENT:
ARTIFICIAL INTELLIGENCE
VIBRANCY AND READINESS

AS DRIVERS OF DIGITAL PUBLIC
ADMINISTRATION

Abstract

Artificial intelligence is shaping digital governance, with global organizations empha-
sizing its opportunities and risks for public administration. The study aims to assess
whether advancements in AI, measured by the AI Vibrancy Score (AIVS) and the
Government Al Readiness Index (GAIRI), drive improvements in the E-Government
Development Index (EGDI). Using panel data methods, the analysis draws on data
from 36 countries for 2018-2022 (AIVS-EGDI) and 170 countries for 2020-2024
(GAIRI-EGDI), due to differing data availability and indicator coverage periods, ap-
plying fixed effects, random effects, and Mundlak specifications, combined with robust
inference techniques. The results demonstrate that within-country improvements in
Al readiness are positively and robustly associated with higher levels of e-government
development, with the FE estimate for the Government AI Readiness Index equal
to 0.17 (p < 0.001). RE models reveal stronger cross-country correlations, with co-
efficients of 2.55 (p < 0.001) for the AI Vibrancy Score and 0.35 (p < 0.001) for AI
readiness. However, Mundlak (correlated RE) specifications indicate that the between-
country components are statistically insignificant. Yet, the within-country effects re-
main significant, suggesting that dynamic national reforms and policy-driven progress
outweigh inherited structural advantages. Time effects are pronounced, with positive
and significant shifts in 2020 (+7.02) and 2022 (+8.10) relative to the baseline year, re-
flecting the acceleration of digital public administration during the post-pandemic pe-
riod. Country-specific effects exhibit substantial heterogeneity, ranging from strongly
positive deviations (e.g., Denmark, Estonia, Korea) to persistently negative ones (e.g.,
India, South Africa), underscoring the uneven national trajectories. Robustness checks
using clustered standard errors confirm the stability of all key coefficients.

Keywords government Al readiness, Al vibrancy, e-government
development, digital public administration, government
services

JEL Classification H83, 033, 038, C23

INTRODUCTION

AT is now a first-order macro shock with direct implications for gov-
ernments, employers, regulators, and service providers. The IMF esti-
mates that roughly 40% of jobs worldwide are exposed to Al with po-
tentially significant productivity gains alongside distributional risks.
This outlook heightens pressure on the public sector to modernize
how it designs and delivers services. Recent IMF analysis highlights
that aggregate productivity effects could be positive, but the transition
will be uneven and policy-dependent (Georgieva, 2024). In parallel,
the ILO’s latest work on generative Al reveals wide cross-country and
cross-occupational heterogeneity in exposure, with many tasks likely
to be augmented rather than fully automated, again placing public ad-
ministration at the center of skills, regulation, and inclusion agendas
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(Gmyrek et al., 2025). Together, these assessments sharpen the need to understand whether countries
that invest in AI capabilities are also those advancing most in digital government.

On the government side, digital transformation is both a political mandate and a measured perfor-
mance objective. The EU’s Digital Decade (European Commission, 2023b) sets concrete targets for 2030
on digital public services and interoperable identities, while the eGovernment Benchmark 2023 docu-
ments uneven progress across European states, highlighting persistent gaps in user-centricity, trans-
parency, and cross-border availability (European Commission, 2023a). Globally, the World Bank’s
GovTech Maturity Index 2022 reports improvement in core platforms and citizen-facing services, yet
also identifies capability gaps (Dener, 2022); its broader Digital Progress and Trends work stresses that
the “digital divide” increasingly mirrors a development divide (World Bank, 2024). These institutional
signals make it timely to test, with comparative data, whether AI readiness translates into measurable
gains in e-government development.

Policy frameworks for AI governance are also evolving quickly but unevenly. The World Bank Group
(2024) finds that countries are experimenting with divergent regulatory and institutional models for AI,
raising the stakes for evidence on which capabilities matter most for public-sector outcomes. By cou-
pling internationally recognized indicators of Al vibrancy/readiness with the UN’s e-government met-
rics in a panel setting, this study addresses a live empirical question with direct operational relevance:
are governments that build AI capacity the same ones delivering better, more accessible digital services?
The answer can inform the sequencing of reforms (skills, data, and platforms) and the design of safe-

guards to ensure that the benefits of Al-enabled administration are inclusive and accountable.

1. LITERATURE REVIEW

AND HYPOTHESES

E-government development has increasingly been
conceptualized as a multidimensional transfor-
mation in which digital infrastructures, admin-
istrative capacity, and strategic decision-making
jointly determine how effectively public services
are delivered and governed. Evidence from man-
agement and organizational research suggests
that digitalization enhances decision quality and
strategic control when it is embedded in coherent
governance routines, rather than being treated as
a purely technical upgrade (Bondar et al., 2024; El
Massaoudi et al., 2025). At the macro level, digi-
talization is also positioned as a competitiveness-
enhancing force that shapes national development
pathways and resilience, implying that e-govern-
ment performance is intertwined with broader tra-
jectories of digital economy maturity (Jarzebowski
etal., 2024; Kusairi et al., 2023; Stender et al., 2024;
Kozhushko, 2023; Masyk et al., 2023).

Artificial intelligence has become a central accel-
erator of this agenda, as public administrations
seek to automate processes, enhance analytical ca-
pacity, and personalize service delivery. The pub-
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lic governance literature highlights that genera-
tive Al in particular, expands the scope of digital
public administration by enabling new forms of
citizen interaction, rapid content generation, and
decision support, while simultaneously raising
questions about accountability and institution-
al preparedness (Androniceanu, 2024; Murko et
al., 2024; Kildei et al., 2025). This has stimulated
a shift from considering “digital government” as
the adoption of ICT systems toward examining
the conditions under which AI becomes a produc-
tive capability for the state, captured empirically
through readiness- and vibrancy-type constructs
that proxy the maturity of AI ecosystems and their
capacity to diffuse into public service provision
(Tuga & Socol, 2024).

A consistent message across adjacent domains is
that Al-driven performance gains depend on com-
plementary capabilities, including skills, training,
and organizational change management. The im-
portance of buildinghuman capital for Aladoption
is emphasized in sectoral evidence where Al train-
ing is linked to successful digital transformation
outcomes and strategic objectives, underscoring
the role of learning in translating technology into
measurable organizational improvement (Abou-
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Moghli, 2026; Lazaroiu & Rogalska, 2023; Kytsak
& Ovsiannykov, 2025; Panasiuk & Kravchuk, 2025;
Roieva et al., 2023). Similar complementarities are
also evident in knowledge-management settings,
where smart technologies enhance performance
only when they are integrated into institutional
routines and information governance (Mahmoud
et al., 2025). These insights are directly relevant to
e-government because EGDI improvements typi-
cally require organizational redesign, not merely
platform deployment. Broader technology fore-
sight work additionally suggests that Al is increas-
ingly embedded in converging digital ecosystems
(e.g., digital twins, XR, IoT/robotics), indicating
that e-government development may increasingly
depend on the ability of administrations to gov-
ern and integrate complex cyber—physical systems
rather than isolated digital platforms (Lazaroiu et
al., 2024; Salnikova et al., 2019).

The finance and service innovation literature fur-
ther clarifies how Al readiness can operate as a
systemic enabler by strengthening data capabili-
ties, service integration, and value co-creation.
Empirical work links AI and big data capabilities
to improved fintech service provision through
value co-creation mechanisms, while other stud-
ies emphasize that culturally aligned adoption
frameworks can shape inclusion and diffusion
in financial ecosystems (Khaddam & Alhanatleh,
2024; Othman, 2025; Polishchuk, 2023). Parallel
evidence from digital finance and InsurTech sug-
gests that integration across platforms is a practi-
cal bottleneck and that institutional coordination
is crucial for realizing the benefits of digital trans-
formation (Kozhushko, 2023; Khrais, 2025). These
mechanisms resemble the coordination challeng-
es of e-government, where cross-agency interop-
erability and trust frameworks determine whether
AT capabilities lead to improvements in citizen-
facing services.

At the same time, the governance implications
of AI adoption underscore that ethical risks, bias,
and legitimacy deficits can undermine the gains
of digital public administration. Research on un-
ethical AI awareness and mitigation reveals that
risk governance and safeguards are crucial for the
responsible deployment of AI, suggesting that Al
readiness should be understood as encompassing
both ethical and regulatory capacity, as well as
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technical sophistication (Holler et al., 2023; Mura
& Stehlikova, 2025; Bashynska, 2025). Evidence
from law enforcement applications underscores
that automated decision-making can introduce
distributive impacts and social justice concerns,
particularly when accountability mechanisms are
weak (Haley, 2025; Haley & Burrell, 2025). From
an e-government perspective, these strands sug-
gest that improvements in EGDI are likely to be
more sustainable where AI adoption is aligned
with transparency, procedural fairness, and citi-
zen trust.

The security, integrity, and anti-crime literature
reinforces the argument that digital governance
capacity shapes state effectiveness in high-risk en-
vironments, thereby linking e-government devel-
opment to the broader integrity ecosystem. Digital
transformation is associated with strengthened
anti-corruption and cyber-fraud systems, in-
dicating that digital public administration can
reduce opportunities for illicit behavior when
oversight and institutional coordination improve
(Yarovenko et al., 2025, 2024b). Related evidence
on AI and machine learning in combating illegal
financial operations illustrates both the expand-
ing role of AI in governance functions and the
strategic adaptation by offenders, which raises the
bar for institutional readiness and capacity-build-
ing (Lyeonov et al., 2024, 2025). These findings
suggest that Al vibrancy without governance ma-
turity may yield uneven gains, underscoring the
importance of distinguishing between “capabil-
ity availability” and “capability use” in explaining
EGDI outcomes.

Cross-sectoral research also suggests that Al read-
iness has spillover effects that can strengthen pub-
lic value through improved service quality, risk
management, and resilience in critical systems.
Evidence linking government Al readiness to en-
ergy security, and broader work on Al-enabled en-
ergy equity and energy security via supply chains,
positions Al as a capability that supports complex
system management, an increasingly central func-
tion of modern public administration (Kuzior et
al., 2025; Kirichok et al., 2025; Wang et al., 2025;
Ganushchak et al., 2025). Similar logic is evident
in studies of supply-chain efficiency and strate-
gic control, where AI enhances coordination and
performance when supported by robust gover-
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nance and data systems (Golubtsov et al., 2025; El
Massaoudi et al., 2025). These strands strengthen
the expectation that countries with more mature
Alecosystemsand readiness frameworks are better
positioned to advance e-government development.

Despite these advances, the scientific landscape
remains fragmented, with much of the evidence
being sector-specific (marketing, fintech, health-
care, energy) or focused on ethical risks, while
fewer studies directly quantify how AI ecosystem
maturity translates into digital public administra-
tion outcomes at the cross-country level (Dabija
& Frau, 2025; Pileliené & Bogoyavlenska, 2025;
Kritikos et al., 2025; Kuzior et al., 2024; Ustik
et al,, 2023; Maté et al., 2024; Schinello, 2025).
Furthermore, structural macroeconomic dynam-
ics and resource-dependence contexts can medi-
ate digital transitions, suggesting that country
trajectories and institutional baselines should be
explicitly modelled rather than assumed away
(Bouguerroumi & Belarbi, 2025; Salnikova et al.,
2019). This motivates a research design that links
AT vibrancy and Al readiness to EGDI through
panel-based evidence while controlling for persis-
tent national heterogeneity.

Prior research supports the view that Al can
strengthen digital public administration, but only
where readiness encompasses human capital, in-
stitutional coordination, and ethical safeguards.
At the same time, cross-country disparities and
sectoral fragmentation leave open the question of
whether AI vibrancy and readiness operate pri-
marily through within-country improvements or
through persistent structural advantages. These
gaps provide a clear rationale for empirically test-
ing Al vibrancy and readiness as drivers of e-gov-
ernment development within a panel framework
and for explicitly accounting for country-specific
and time-specific effects.

The aim of this study is to assess whether advance-
ments in artificial intelligence contribute to the
digitalization of public administration. More spe-
cifically, the analysis examines the impact of the AI
Vibrancy Score and the Government Al Readiness
Index on the E-Government Development Index
across a diverse set of countries. By applying pan-
el data methods, the study distinguishes between
within-country dynamics and cross-country dis-
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parities while testing the robustness of results un-
der alternative model specifications and inference
strategies.

To achieve this aim, the following research hy-
potheses are formulated:

HI:  (Within-country effect): Improvements in
Al readiness within a country over time are
positively associated with advancements in
e-government development.

H2: (Between-country effect): Countries with per-
sistently higher levels of Al readiness demon-
strate higher levels of e-government develop-
ment than countries with lower readiness.
H3: (Robustness): The positive relationship be-
tween Al readiness and e-government devel-
opment remains statistically significant after
correcting panel-specific econometric issues
such as heteroskedasticity, serial correlation,
and cross-sectional dependence.

2. METHODOLOGY

First, the relationship between AI development and
the digitalization of public administration was in-
vestigated by modelling the effect of the AI Vibrancy
Score (AIVS) on the E-Government Development
Index (EGDI). The analysis is based on a balanced
panel dataset covering 36 countries over three time
points: 2018, 2020, and 2022, yielding 108 observa-
tions. The limited temporal span reflects the avail-
ability of the underlying data. The United Nations
Department of Economic and Social Affairs
(UNDESA) provides EGDI values only through its
E-Government Surveys, which are conducted bien-
nially. At the same time, the Stanford University Al
Vibrancy Index has been available since 2017, en-
abling its use from the 2018 reference year onwards.

The country sample is restricted to those includ-
ed in the Stanford Global AI Vibrancy Tool - Al
Index, for which corresponding EGDI data were
available. The final dataset consists of 36 countries
(Appendix A).

The AIVS (independent variable, x) was obtained
from Stanford University’s Global AI Vibrancy
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Tool - AI Index (Stanford University, n.d.), ag-
gregating indicators on Al research, develop-
ment, and adoption. The EGDI (dependent vari-
able, y) was retrieved from the United Nations
E-Government Knowledgebase (United Nations,
n.d.), which measures the scope and quality of on-
line services, telecommunication infrastructure,
and human capital.

The empirical strategy proceeds in three stages.
First, descriptive statistics and normality tests
were performed to characterize the data. Given
that both variables exhibited significant depar-
ture from normality, appropriate transformations
were applied: the AIVS was normalized using the
Box-Cox transformation, while the EGDI was
corrected using the Yeo-Johnson transformation.
Second, panel models were estimated, including
fixed effects (FE), random effects (RE), and cor-
related random effects (Mundlak specification).
The Hausman test guided model choice between
FE and RE, while diagnostic tests (Breusch-Pagan
LM, Breusch-Godfrey/Wooldridge, Pesaran CD,
and Breusch-Pagan heteroskedasticity) were em-
ployed to assess the validity of model assumptions.
Finally, robust inference techniques (cluster-ro-
bust and Driscoll-Kraay standard errors) were
applied to mitigate the effects of serial correlation
and cross-sectional dependence.

Second, the relationship between Al readiness and
e-government development was investigated us-
ing the Government AI Readiness Index (GAIRI)
as the independent variable (x) and the EGDI as
the dependent variable (y). The GAIRI was ob-
tained from Oxford Insights (n.d.), which evalu-
ates the preparedness of governments worldwide
to adopt artificial intelligence in public service de-
livery across various dimensions, including vision,
governance, and infrastructure. The EGDI was
sourced from the United Nations E-Government
Knowledgebase (United Nations, n.d.), which cap-
tures the development of e-government services
through measures of online service provision,
telecommunication infrastructure, and human
capital.

The panel dataset comprises 510 observations span-
ning 170 countries across three time points: 2020,
2022, and 2024. The restricted temporal span is a
consequence of data availability: the GAIRI was
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first introduced in 2019, while the EGDI is pro-
vided biennially in the UNDESA E-Government
Surveys. The difference in time ranges compared
to the previous specification (2018-2022) arises
from the use of an alternative Al indicator and
expanded country coverage, which necessitate
aligning the sample to the years for which both
GAIRI and EGDI data are available simultaneous-
ly. The country coverage reflects the global scope
of the GAIRI, and the final sample is presented in
Appendix A.

The empirical strategy mirrored that of the first
stage of analysis. Descriptive statistics and nor-
mality diagnostics were performed, followed by
Box-Cox and Yeo—Johnson transformations to im-
prove the distributional properties. Subsequently,
FE, RE, and Mundlak specifications were esti-
mated. The Hausman test guided model selec-
tion between FE and RE, while further diagnos-
tic tests (Breusch-Pagan LM, Breusch-Godfrey/
Wooldridge, Pesaran CD, and Breusch-Pagan het-
eroskedasticity) were conducted to evaluate the
validity of assumptions. Cluster-robust standard
errors were applied to ensure robust inference for
serial correlation and cross-sectional dependence.

To explicitly account for unobserved heterogene-
ity across countries and over time, the analysis
incorporated country-specific and time-specific
effects within both the fixed-effects and random-
effects frameworks with correlation. Country ef-
fects were modelled as unobserved, time-invari-
ant components capturing structural institutional,
administrative, and socio-economic character-
istics that systematically influence e-government
development but are not directly observable, such
as administrative traditions, governance culture,
or long-standing digital infrastructure gaps. In
the fixed-effects specification, these effects were
eliminated through within-country demeaning,
while in the random-effects framework, they were
estimated explicitly as country-specific intercepts.
To relax the strict exogeneity assumption of stan-
dard random-effects models, a Mundlak (corre-
lated random-eftects) specification was employed
by augmenting the regression with country-level
means of the key explanatory variable. This ap-
proach decomposes the total effect into within-
country (short-term, dynamic) and between-
country (long-term, structural) components, al-
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lowing for correlation between regressors and
unobserved country effects. Time effects were cap-
tured through period-specific dummy variables
corresponding to the survey years, isolating com-
mon global shocks and trends, such as accelerated
digitalization during the COVID-19 period or co-
ordinated international AI policy initiatives, that
affect all countries simultaneously. The joint inclu-
sion of country effects, time effects, and Mundlak
terms ensures a robust identification strategy that
disentangles persistent cross-country differences
from within-country dynamics over time, there-
by strengthening the causal interpretation of the
estimated relationships between artificial intelli-
gence vibrancy, Al readiness, and e-government
development.

All empirical calculations and econometric es-
timations were conducted using RStudio with R
version 4.4.0. The analysis relied on standard and
well-established R packages for panel data model-
ling, diagnostic testing, and robust inference, en-
suring the transparency, replicability, and meth-
odological consistency of the reported results.

3. RESULTS

3.1. Al Vibrancy Score and
E-Government Development
Index

The descriptive statistics in Table 1 present the
dataset’s structure and distribution, comprising
108 observations from 36 countries spanning the
years 2018 to 2022. The variable country has a
mean and median of 18.50, with a standard devia-
tion of 10.44, reflecting the balanced representa-
tion of countries across the sample. The year vari-
able confirms the short temporal span of the data-
set, with observations centered on 2020 (mean and
median 2020), ranging from 2018 to 2022, and ex-
hibiting low variability (SD = 1.64). The negative
kurtosis (-1.53) indicates a relatively flat distribu-
tion compared to the standard case.

The EGDI shows a mean of 0.85 with a slight
standard deviation (0.08), suggesting that most
countries are clustered around higher levels of
e-government development. The negative skew-
ness (-1.09) indicates that values are concentrated
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near the upper bound, while the moderately posi-
tive kurtosis (1.34) suggests a distribution slightly
more peaked than normal.

By contrast, the AIVS demonstrates greater vari-
ability, with a mean of 13.22 and a standard devia-
tion of 9.97. The range extends from 0.48 to 47.65,
indicating noticeable differences in AI vibrancy
across countries. The distribution is positively
skewed (1.26), highlighting that a few countries
achieve relatively high scores, while most remain
below the mean. The kurtosis of 1.72 indicates a
somewhat peaked distribution, though without
extreme outliers. These features suggest that while
Al vibrancy is unevenly spread, it is less domi-
nated by extreme values than in the earlier output,
making it more suitable for econometric model-
ling with limited transformation requirements.

Table 1. Descriptive statistics of the dataset

Variable EGDIly AIVS x
N L 108 108
Mean 0.85 13.22
0 v 008 9.97
Median 0.85 11.23
Trimmed 085 12.04
MAD o 007 851
Min 0.57 0.48
Max o 098 4765
Range &+ 041 47.17
Skew -1.09 1.26
Kurtosis 13 172
SE : 0.01 0.96

The results of the Shapiro-Wilk tests indicate that
neither variable follows a normal distribution. For
the AIVS (x), the test yielded a W statistic of 0.895
with a p-value < 0.001, providing strong evidence
against the null hypothesis of normality. Similarly,
the EGDI (y) recorded a W statistic of 0.925 with
a p-value < 0.001, again rejecting normality. These
outcomes suggest that both variables deviate sig-
nificantly from a Gaussian distribution, war-
ranting the use of appropriate transformations
or robust estimation techniques to account for
non-normality.

The Box-Cox transformation of the AIVS, with
an estimated A of approximately 0.34, success-
fully corrected the distributional asymmetry ob-
served in the original data. The Shapiro-Wilk test
applied to the transformed series yielded a W sta-
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tistic of 0.991 with a p-value of 0.658, indicating
that the null hypothesis of normality cannot be
rejected. This confirms that the Box-Cox trans-
formation effectively normalized the distribution
of the variable, thereby improving its suitability
for econometric analysis and meeting the assump-
tions of regression models that rely on normally
distributed residuals.

The Box-Cox transformation applied to the EGDI
improved the distributional properties of the vari-
able, although normality was not fully achieved.
The optimal A suggested by the procedure yielded
a Shapiro-Wilk statistic of 0.955 with a p-value of
0.001, which remains below the 5% significance
threshold. Thus, the null hypothesis of normal-
ity is still rejected, albeit with a higher W value
than the untransformed series (W = 0.925). This
indicates that while the transformation reduced
deviations from normality, the distribution of
EGDI retains a degree of negative skewness. The
Yeo-Johnson transformation proved more effec-
tive than Box-Cox in addressing the non-normal-
ity of the EGDI. After transformation, the Shapiro-
Wilk test yielded a W statistic of 0.988 and a p-
value of 0.478, indicating that the null hypothesis
of normality could not be rejected. This marks a
substantial improvement compared to both the
original series (W = 0.925, p < 0.001) and the Box—
Cox transformed version (W = 0.955, p = 0.001).
Consequently, the Yeo-Johnson transformation
yields a distribution of EGDI that is statistically
indistinguishable from normality, enhancing its
suitability for econometric modelling where resid-
ual normality is an important assumption.

The FE and RE estimations (Table 2) provide
contrasting evidence on the relationship be-
tween AIVS (Box-Cox transformed) and EGDI
(Yeo-Johnson transformed). The country FE
specification yielded a small positive coefficient
(0.24) for x_bc, but it was statistically insignif-

Table 2. Results of FE and RE estimations

Problems and Perspectives in Management, Volume 24, Issue 1, 2026

icant (p = 0.81) and explained virtually none
of the within-country variation (R* = 0.001).
When time effects were also controlled for in
the two-way FE model, the coefficient turned
negative (-0.41) and remained insignificant (p =
0.57), confirming the absence of a robust with-
in-country effect.

The RE model suggested a strong and statisti-
cally significant positive relationship. The es-
timated coefficient of 2.55 (p < 0.001) suggests
that higher AI vibrancy is associated with high-
er levels of e-government development, both
within and between countries. The RE model
achieved an R? of 0.12, substantially higher than
the FE models, and the intercept term was also
highly significant.

The Lagrange Multiplier (Breusch-Pagan) test
confirmed the presence of significant panel effects
(x* = 45.45, p < 0.001), indicating that a random
effects specification is preferable to pooled OLS.
However, further diagnostics revealed that several
key assumptions of the RE model were violated.
The Breusch-Godfrey/Wooldridge test detected
strong serial correlation in the idiosyncratic errors
(x* = 28.87, p < 0.001), while the Pesaran CD test
indicated pronounced cross-sectional dependence
across units (z = 24.32, p < 0.001). These findings
suggest that residuals are not independent over
time or across countries. By contrast, the Breusch-
Pagan test for heteroskedasticity did not reject
the null hypothesis (p = 0.31), implying that er-
ror variances are homoscedastic. These diagnos-
tics indicate that although the RE specification is
statistically favored over pooled OLS, its standard
assumptions are undermined by serial correlation
and cross-sectional dependence. This underlines
the need for robust inference methods, such as
cluster-robust or time-robust standard errors, to
obtain consistent estimates and valid statistical
inference.

Model Coefficient | Std. Error t/z value p-value R? (Adj.) N Notes
on x_bc : :
_FE (country) 0.244 1.007 0.242 0.810 -0.506 108 Insignificant
_FE (two-way) —0.409 0.708 —-0.578 0.566 —0.543 108 _Insignificant
RE (individual) i  2.554 *** 0.671 3.805 <0.001 0.112 108 Positive, sig.

Note: Dependent variable = EGDI (Yeo—Johnson transformed). Independent variable = AIVS (Box—Cox transformed). Signif.
codes: ‘“*** —0.001; “** —0.01; “* —0.05; " —0.1; ‘no symbol’ —insignificant.
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The RE model consistently indicated a statistical-
ly significant positive association between AIVS
(Box-Cox transformed) and EGDI (Yeo—Johnson
transformed) when re-estimated with robust in-
ference (Table 3). With clustering of standard er-
rors at the country level, the coefficient for x_bc
was 2.55 (p < 0.001), suggesting that countries
with higher levels of AI vibrancy are associated
with higher levels of e-government development.
The result remained robust when clustering by
year, with a nearly identical coeflicient of 2.55 and
strong statistical significance (p < 0.001). However,
the standard error of the intercept increased, re-
flecting the limited number of time periods in the
panel.

These findings imply that the positive relationship
detected by the RE specification is not driven by
idiosyncratic heteroskedasticity within countries
or standard shocks across years. However, given
that the Hausman test rejected the consistency of
the RE model in favor of fixed effects, the robust-
ness of these results should be interpreted cau-
tiously. The significance of the RE estimates ap-
pears to reflect structural cross-country differenc-
es rather than within-country dynamics over time.

The correlated RE (Mundlak) specification en-
hances the RE model by incorporating the coun-
try-level mean of AIVS (xb_mean), offering valu-
able insights into the relationship between AI vi-

brancy and e-government development. The coef-
ficient on the within-country variation of x_bc
was small (0.24) and statistically insignificant (p
= 0.80), indicating that short-term changes in AI
vibrancy within a given country are not system-
atically associated with changes in the EGDI. By
contrast, the coefficient on the country-level mean
of x_bc was positive and highly significant (3.94, p
< 0.01), even when using cluster-robust standard
errors. This suggests that the observed positive as-
sociation between Al vibrancy and e-government
development in the simple RE model is driven
primarily by between-country differences, rather
than within-country dynamics.

The results support the interpretation that coun-
tries with consistently higher levels of AI vibrancy
also tend to achieve higher levels of e-government
development. However, incremental improvements
in Al vibrancy within countries over the short-term
horizon do not translate into measurable gains in
e-government performance. This finding helps rec-
oncile the divergence between the RE and FE es-
timates: while the RE model captured the positive
cross-sectional association, the FE model, which
focuses only on within-country changes, found no
significant effect. The Mundlak specification (Table
4), therefore, confirms that the RE assumption of
no correlation between individual effects and re-
gressors was violated, and that the genuine relation-
ship is largely cross-sectional in nature.

Table 3. RE estimation with cluster-robust standard errors

Model (RE) Variable Estimate Std. Error t value p-value Significance

Clusteredby | Intercept . 26093 299 . . 8720 1 ..<0001 o ..
Country | x_bc : 2.554 : 0.625 : 4.088 : <0.001 : ok

| Clustered  Intercept 26093 . 7202 . 3623 <0001
by Time x_bc 2.554 0.714 3.577 <0.001 ok

Note: Dependent variable = EGDI (Yeo—Johnson transformed). Independent variable = AIVS (Box—Cox transformed). Robust
standard errors clustered by country and by year are reported. Signif. codes: “***’ — 0.001; **' — 0.01; *' — 0.05; ” — 0.1;

‘no symbol’ — insignificant.

Table 4. Correlated RE (Mundlak specification)

Variable Estimate std. Error tvalue p-value Significance
(clustered) :
Intercept 20.098 3.011 6.674 <0.001 HoAx
xbelwithing oo 0244 0850 0257 i 0798
xb_mean (between) 3.938 1.284 3.067 0.003 *

Note: Model statistics: N = 108 (36 countries, T = 3); R? = 0.189 (Ad]. R? = 0.174); Wald x*(2) = 24.53, p < 0.001. Dependent
variable = EGDI (Yeo—Johnson transformed). Independent variable = AIVS (Box—Cox transformed). Robust standard errors
clustered by country are reported. ***, ** indicate significance at 1% and 5% levels; n.s. = not significant. Signif. codes:
k¥’ _0.001; ‘**' - 0.01; ¥’ —0.05; ” —0.1; ‘no symbol’ — insignificant.
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The estimated country-specific effects derived
from the Mundlak (Table 5) correlated random ef-
fects specification reveal substantial heterogene-
ity in how the AI Vibrancy Score translates into
E-Government Development Index outcomes
across countries. Positive values of the country ef-
fect indicate that, conditional on Al vibrancy, a
country exhibits a higher level of e-government
development than predicted by the average rela-
tionship. In contrast, negative values reflect un-
derperformance relative to the model benchmark.
Several digitally advanced economies display
strong positive deviations, most notably Denmark,
the Republic of Korea, New Zealand, Australia,
Sweden, Estonia, and Finland. These results sug-
gest that in these countries, vibrant Al ecosys-
tems are complemented by effective institutional
frameworks, digital skills, and public sector capa-
bilities that allow Al-related advances to be con-
verted into tangible improvements in digital pub-
lic administration.

By contrast, several countries exhibit markedly
negative country effects, including India, Ireland,
Luxembourg, Malaysia, Israel, Belgium, Canada,
and Singapore. For these cases, high or moder-
ate levels of AI vibrancy do not fully translate
into commensurate e-government development,
pointing to potential institutional, regulatory, or
organizational bottlenecks. This pattern rein-
forces the interpretation that Al vibrancy alone is

Problems and Perspectives in Management, Volume 24, Issue 1, 2026

insufficient to guarantee progress in digital pub-
lic administration; rather, its impact depends on
complementary factors, such as governance qual-
ity, administrative capacity, policy coherence, and
the integration of Al solutions into public service
delivery. Overall, the distribution of country ef-
fects underscores the central conclusion of the
study: while AT vibrancy is a significant driver of
e-government development on average, national
institutional contexts critically shape the extent to
which Al-related capabilities are effectively trans-
formed into digital governance outcomes.

The extended Mundlak correlated random effects
model (Table 6), with explicit time controls, pro-
vides further insight into how AI vibrancy re-
lates to e-government development, once both
between-country differences and common tem-
poral shocks are considered. The variance de-
composition indicates that unobserved coun-
try-specific heterogeneity dominates the error
structure, with individual effects accounting for
approximately 87% of the total variance, while
idiosyncratic shocks account for only 13%. This
confirms that persistent national characteristics
play a major role in shaping levels of e-govern-
ment development. The overall model fit is high
(R? = 0.58), suggesting that the combined inclu-
sion of AI vibrancy, its country-level mean, and
time effects captures a substantial share of the
variation in the dependent variable.

Table 5. Country-specific effects (u;) from the Mundlak correlated random effects model

No. Country Country effect (u;) . : Country Country effect (u;)
1 iThe Ur)‘ited Aramemirates """"" o —1070 o Luxempourg
2 Australi 10893 20 Malaysia
3 {Austria 9 i Mexico
4 i Belgium i The Netherlands
5 iBrazil - New Zealand
6 i Canada i Norway
7 iChina ) : Poland
8 iDenmark - Portugal
9 iEstonia i The Russian Federation !
10 Finland ‘ i Saudi Arabia
11 France ‘ §Singap9re
12 Germany ' South Africa
13 iindia “Spain
14 Ireland : §Swedep
15 ilsrael | Switzerland
16 :ltaly ) ‘ §Turkiyeﬂ
17 Japan ) ‘ i The United Kingdom
18 Korea, Republic The United States
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Turning to the coeflicients, the within-country
component of Al vibrancy (x_bc) is statistically in-
significant once year effects are introduced, where-
as the between-country component (xb_mean) is
positive and highly significant. This pattern sug-
gests that cross-country differences in average
AT vibrancy, rather than short-term fluctuations
within countries, are the primary driver of e-gov-
ernment development in this specification. In other
words, countries that are structurally more vibrant
in Al tend to achieve systematically higher levels of
digital public administration, even after control-
ling for common time trends. The strong and sig-
nificant year dummies for 2020 and 2022 indicate

Table 6. Mundlak correlated random effects model

pronounced global improvements in e-government
development relative to the base year, likely reflect-
ing the accelerated digitalization of public services
during and after the COVID-19 period.

The extracted time effects reinforce this interpre-
tation, showing sizable positive shifts in both 2020
and 2022, with a stronger effect in 2022. These
common shocks suggest that global or region-
wide forces, such as emergency-driven digital re-
forms, increased reliance on online public services,
and international diffusion of digital governance
practices, played a substantial role in raising EGDI
scores across countries.

with time effects

Variable Estimate Std. Error z-value
Intercept 3.495
Al Vibrancy (within, x_bc) . 0.708
Al Vibrancy (between, xb_mean) 4.591 1.103
Year 2020 7025 0872
Year 2022 8.096 0.811
Model diagnostics

Statistic :

Countries (n)

Share of variance (idiosyncratic)

Note: Dependent variable: E-Government Development Index (Yeo—Johnson transformed). Al Vibrancy is Box—Cox trans-

formed. The Mundlak specification decomposes Al vibrancy int

o within-country (x_bc) and between-country (xb_mean) com-

ponents. Year dummies capture common time shocks. *** and ** denote significance at the 1% and 5% levels.

Table 7. Country-specific intercepts (a;) from the M

undlak correlated random effects model

Country Country Fooay Country ooy
iJapan §4132 2722

Norway 39.09 27.75
France 38.36  ELECH
36.83 2104

36.73 2

36,37 2075
36.57 L Brazll e 2178

35.43 17.00
30.47 BECET

. 29.65 7.68
Sngapore e gulsértugalw A RS

Note: Country-specific intercepts (a;) represent baseline levels of E-Government Development after controlling for Al vibrancy

(within and between components) and common time effects.
digital public administration.
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Finally, the country-specific intercepts (a;, Table 7)
reveal marked heterogeneity in baseline e-govern-
ment performance. Countries such as Denmark,
the Republic of Korea, Australia, Finland, Sweden,
and New Zealand display particularly high inter-
cepts, indicating a structurally strong position in
digital public administration even after account-
ing for AI vibrancy and time effects. By con-
trast, lower intercepts for countries such as India,
Mexico, South Africa, and Malaysia suggest en-
during institutional or infrastructural constraints.
Overall, these results underscore that while AI vi-
brancy is an important structural determinant of
e-government development, its impact is strongly
conditioned by country-specific contexts and re-
inforced by broad, time-related factors.

3.2. Government Al Readiness Index
and E-Government Development
Index

The dataset comprises 510 observations spanning
170 countries over the period 2003-2024. The vari-
able country has a mean of 85.51 with a standard
deviation of 49.11, confirming a balanced cross-
sectional structure. At the same time, the median
(85.50) equals the mean, indicating a symmetric
distribution of country identifiers. The year vari-
able is centered on 2022 (mean 2021.9, median
2022) and ranges from 2003 to 2024. The signifi-
cant negative skewness (-3.61) and high kurtosis
(29.17) reflect the concentration of observations in
recent years, which is consistent with the expan-
sion of e-government and Al readiness datasets
over time.

The EGDI (Table 8) exhibits a mean of 0.64 and
a standard deviation of 0.21, suggesting moderate
dispersion across countries. The median value of
0.67 lies slightly above the mean, with skewness
(-0.31) indicating a mild concentration toward
higher levels of e-government development. The
kurtosis (-0.98) indicates a relatively flat distri-
bution, unlike a normal distribution. Overall, the
EGDI values range from 0.16 to 0.98, highlighting
significant differences in digital governance ca-
pacity between lagging and leading countries.

The GARI (Table 8) shows greater variability, with

a mean of 46.14 and a standard deviation of 16.81.
The distribution ranges from 13.46 to 87.03, indi-

http://dx.doi.org/10.21511/ppm.24(1).2026.43
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cating substantial global disparities in prepared-
ness for AI adoption in the public sector. The
skewness of 0.45 indicates a slight right-tailed
distribution, with several countries attaining rela-
tively high readiness scores. At the same time, the
negative kurtosis (-0.88) indicates a broader, less
peaked distribution compared to the normal dis-
tribution. This implies that AI readiness is more
unevenly spread globally, with a significant cluster
of countries situated at medium to low levels, and
only a few achieving very high scores.

Table 8. Descriptive statistics of the dataset GARI
and EGDI

Variable EGDI (y) GAIRI (x)
N 510 510
e s
s 021 16.81
Median ¢ 067 41.83
Trimmed ¢ 065 45.22
MAD 0.25 17.19
Min v 036 13.46
Max & 098 87.03
Range 0.83 73.57
B
Kurtosis -0.98 -0.88
ss i 001 0.74

The results of the Shapiro-Wilk tests indicate that
both variables deviate significantly from normal-
ity. For the GAIRI (x), the test produced a W sta-
tistic of 0.950 with a p-value < 0.001, while the
EGDI (y) yielded a W statistic of 0.959 with a p-
value < 0.001. In both cases, the null hypothesis of
normality is rejected, suggesting that the distribu-
tions are non-Gaussian. This highlights the need
for data transformations or robust econometric
techniques to ensure valid statistical inference in
subsequent panel estimations.

Normality tests indicated that the GAIRI (x)
and the EGDI (y) deviated significantly from a
Gaussian distribution, necessitating the applica-
tion of appropriate transformations. The Box-Cox
procedure identified an optimal A of approximate-
ly 0.18 for the GAIRI, suggesting that a transfor-
mation close to the logarithmic form was required.
This adjustment effectively reduced the right-
skewness observed in the original distribution,
improving its suitability for econometric model-
ling. In contrast, the EGDI produced an optimal A
of about 1.23, close to unity. This result indicates
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that the series was already approximately regular,
requiring only a minor power adjustment to cor-
rect for residual skewness. The transformations
enhanced the distributional properties of both
variables, ensuring they are more consistent with
the assumptions of panel regression analysis.

The Box-Cox transformations improved the dis-
tributional properties of both variables, but did
not fully achieve normality. For the EGDI (y), the
Shapiro-Wilk statistic increased slightly to 0.961
with a p-value < 0.001, indicating a partial reduc-
tion in skewness. However, the null hypothesis
of normality still had to be rejected. The GAIRI
Index (x) showed a more notable improvement,
with W = 0.975 (p < 0.001), indicating that the
transformation substantially reduced asymmetry,
even though perfect normality was not achieved.
The Yeo-Johnson transformations improved the
distributional characteristics of both variables, al-
though, as with the Box-Cox adjustments, strict
normality was not achieved. For the GAIRI (x),
the Shapiro-Wilk statistic after transformation
was 0.975 (p < 0.001), essentially identical to the
Box-Cox result, confirming that both transfor-
mations mitigate right-skewness to a similar ex-
tent. For the EGDI (y), the Yeo-Johnson trans-
formation yielded W = 0.964 (p < 0.001), slightly
higher than the Box-Cox-adjusted value, indicat-
ing a modest improvement in normality. The Yeo-
Johnson transformation is more flexible as it can
handle zero or negative values, but the benefits
over Box-Cox are marginal. Since neither trans-
formation fully normalized the data, robust esti-
mation strategies remain necessary in subsequent
econometric modelling.

The results of the fixed and random effects estima-
tions with cluster-robust standard errors provide
consistent evidence of a statistically significant

positive association between the GAIRI and the
EGDI. In the fixed effects model, the coefficient
on x_yj was estimated at 0.17 and remained highly
significant (p < 0.001) under clustering by country
and year. The effect size is moderate, suggesting
that increases in Al readiness within a given coun-
try are systematically associated with higher lev-
els of e-government development over time. The
slightly higher standard error when clustering by
time reflects the limited temporal coverage of the
dataset, but does not undermine the robustness of
the result.

The random effects model, by contrast, produced
a larger coefficient of approximately 0.35 for x_
yj, which was also highly significant across both
clustering approaches (p < 0.001). The negative
and considerable intercept reflects differences in
baseline levels of e-government development once
cross-sectional heterogeneity is considered. The
magnitude of the RE coefficient, roughly double
that of the FE estimate, highlights that much of
the observed relationship is driven by persistent
cross-country differences in Al readiness rather
than within-country variation.

The findings (Table 9) suggest that AI readiness is
an essential driver of e-government development,
but the effect size depends on the modelling strat-
egy. The FE model isolates within-country dy-
namics, while the RE model captures both within-
and between-country variation. The robustness of
the results under both country and time cluster-
ing confirms that the association is not an artefact
of heteroskedasticity or serial correlation.

The results of the Mundlak specification (Table
10) reveal essential insights into the distinction

between within- and between-country effects. In
the fixed effects Mundlak model, the GAIRI (x_yj)

Table 9. FE and RE estimations with cluster-robust standard errors

Model Variable Estimate Std. Error tvalue p-value . Significance
FE (cluster by country) X_Yj 0.169 0.029 5.825 : <0.001 : ok
Euerbycountry | mecet | -oss2oas o eoon e
X_Yj 0.347 0.026 13.586 <0.001 oAk
F laie by e T T T T N MY A BT B
RE (cluster by time) Intercept —0952 0121 7846 <0.001 oxx
X_Yj 0.347 0.025 14.113 <0.001 e

Note: Dependent variable = EDGI (Yeo—Johnson transformed). Independent variable = GAIRI (eo—Johnson transformed). Ro-
bust standard errors clustered by country and by time are reported. Signif. codes: ‘*** —0.001; “**’ —-0.01; “*' - 0.05; " —0.1;

‘no symbol’ —insignificant.
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coeflicient was estimated at 0.17. The association
remained highly significant (p < 0.001), confirm-
ing that within-country increases in Al readi-
ness are strongly linked to improvements in the
EGDI. By contrast, the coefficient on the country-
level mean of Al readiness (xb_mean) was small
(-0.003) and statistically insignificant (p = 0.60),
indicating that persistent differences in average Al
readiness across countries do not independently
explain variations in e-government development
once within-country changes are accounted for.

The random effects Mundlak model yielded a larger
coefficient for x_yj (0.35, p < 0.001), reflecting the
combined influence of within- and between-country
variation; however, the xb_mean variable remained
statistically insignificant. The insignificance of the ef-
fect in both models suggests that the strong positive
relationship identified in earlier RE specifications
is not primarily driven by structural cross-country
differences but by genuine within-country dynam-
ics. These findings further support the fixed effects
framework, showing that Al readiness enhances e-
government development over time within countries,
while cross-sectional disparities play a limited role
once panel structure is considered.

The estimated country-specific effects (Table
11 and full Table Bl in Appendix B) reveal sub-
stantial heterogeneity in baseline e-government
performance after accounting for differences in
Government AT Readiness and global time shocks.
Positive values of the country effect indicate that
a country attains a higher level of e-government
development than predicted by its AI readiness
alone. In contrast, negative values signal un-
derperformance relative to the model bench-
mark. Among the strongest positive deviations
are Iceland, Denmark, New Zealand, Estonia,
Belgium, Kazakhstan, and Australia, suggesting

Problems and Perspectives in Management, Volume 24, Issue 1, 2026

that these countries are particularly effective at
converting Al-related capabilities into tangible
digital public administration outcomes. This pat-
tern underscores the significance of complemen-
tary institutional factors, including administra-
tive capacity, interoperability of public systems,
regulatory coherence, and digital skills, which en-
hance the impact of Al readiness on e-government
development.

Conversely, several countries exhibit markedly
negative effects, including Belize, Niger, Djibouti,
Benin, Mauritania, and Ethiopia. In these cases,
improvements in Al readiness do not translate pro-
portionately into e-government development, sug-
gesting structural bottlenecks. These may include
weak institutional coordination, limited public-
sector digital absorption capacity, or constraints in
infrastructure and governance quality. Overall, the
distribution of country effects underscores a cen-
tral conclusion of the study: while AI readiness is a
statistically significant driver of e-government de-
velopment on average, national contexts critically
shape outcomes. The effectiveness with which Al
readiness is transformed into digital public admin-
istration progress depends less on the level of readi-
ness per se and more on the surrounding institu-
tional and governance environment.

Due to the very short time dimension (T = 3), a
Mundlak correlated random effects specifica-
tion including time fixed effects is not identified,
as country means become linearly dependent on
time dummies. Following standard panel econo-
metric guidance, time effects are therefore mod-
elled within a two-way fixed effects framework. At
the same time, the Mundlak specification is used
separately to decompose within- and between-
country effects, without the inclusion of time
dummies.

Table 10. Mundlak specifications (FE and RE) with cluster-robust standard errors

Model Variable Estimate Std. Error tvalue p-value Significance
JEMundlak LLores 002
03 6 28

0.937 . 6 . 6
0347, L0026 18436
xb_mean —-0.003 0.006 —-0.498

Note: Dependent variable = EDGI (Yeo—Johnson transformed). Independent variable = GAIRI (eo—Johnson transformed). Ro-
bust standard errors clustered by country and by time are reported. Signif. codes: ‘*** —0.001; ‘**’ —-0.01; “*'—0.05; " —0.1;

‘no symbol’ — insignificant.
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Table 11. Countries with the highest and lowest country effects (u;)

Top 10 positive effects
Country '

Rank
U;

Panel B. Bottom 10 negative effects

Country u;

Iceland
Denmark

JNewZealand o

BT S

L..Kezakhstan
Australia

L I B

Llruguay
: Austria

2 A
0240

o3
0.185

0186 .. Mnda
0.186 i

-0.335
Djbouti o -0353
31

-0.290
L0287

-0.270
L —

Note: Positive (negative) values denote over- (under-) performance in EGDI relative to the level predicted by GAIRI, controlling

for time effects.

The estimated country fixed effects (a;, Table 12
and full Table B2 in Appendix B) indicate sub-
stantial cross-national heterogeneity in base-
line e-government development after control-
ling for the Government AI Readiness Index
and common time influences embedded in the
panel structure. Positive fixed effects imply that
a country’s E-Government Development Index
(EGDI) is systematically higher than predicted
by its Al readiness alone. In contrast, negative
effects signal persistent underperformance rel-
ative to the model benchmark. The dispersion
is sizeable (roughly from about —0.51 to +0.47),
confirming that structural, country-specific
factors, such as administrative capacity, insti-
tutional quality, service delivery infrastructure,
and the ability to operationalize digital reforms,
remain decisive for e-government outcomes be-
yond what is captured by Al readiness.

The countries with the strongest positive effects (e.g.,
Denmark, Iceland, Estonia, the Republic of Korea,
Singapore, New Zealand, Australia, and Kazakhstan)
appear to convert Al readiness into digital public ad-
ministration performance particularly effectively,
suggesting that mature public-sector digital ecosys-
tems and governance capabilities complement readi-
ness. In contrast, the most negative effects (e.g., Niger,
Chad, Djibouti, Ethiopia, Mauritania, Comoros, and
Haiti) indicate enduring barriers that inhibit the
translation of Al readiness into higher EGDI levels,
pointing to constraints such as weak institutional
coordination, limited human capital and infrastruc-
ture, or broader governance fragilities. Overall, these
fixed effects reinforce the study’s core interpretation:
Al readiness is an important driver of e-government
development, but the realized gains depend heavily
on persistent country characteristics that shape the
effectiveness of implementation.

Table 12. Countries with the highest and lowest fixed effects (a)

Top 10 positive effects

Panel B. Bottom 10 negative effects

Rank
Country

Qa;

Country o

i Denmark
BT
. Korea Republic

Singapore
I

Norway

foimiNiinibiwinie

Spain
i The United Arab Emirates

=
o

0.474
K7
041 ..
0.346

o427
ritania -0.426

Gambia
Ethiopia
M

Comoros

Guinea-Bissau

Benin
i Mali

Note: a; are country fixed effects from the fixed-effects panel specification (dependent variable: EGDI; explanatory variable:
Government Al Readiness Index). Positive (negative) values denote structural overperformance (underperformance) in EGDI

relative to the level predicted by Al readiness.
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The results provide consistent support for the hy-
pothesized link between artificial intelligence and
the development of e-government. In line with H1,
the fixed effects estimations showed that within-
country improvements in Al readiness are sig-
nificantly and positively associated with higher
levels of e-government development. This effect
remained robust when cluster-robust standard er-
rors were applied, confirming that the observed
relationship is not an artefact of heteroskedasticity
or serial correlation. The magnitude of the FE coef-
ficient was moderate, suggesting that incremen-
tal national progress in AI readiness translates
into steady improvements in digital governance
performance.

By contrast, the random effects models produced
larger coeflicients, reflecting the role of structural
cross-country differences. These findings partially
support H2, as countries with persistently high-
er levels of AI readiness tend to achieve stronger
e-government outcomes. However, the Mundlak
specifications indicated that the between-country
component of Al readiness was statistically insig-
nificant, implying that cross-sectional disparities
play a limited role once within-country dynamics
are considered. This reinforces the interpretation
that the primary driver of e-government develop-
ment is the trajectory of domestic improvements
in AT readiness rather than static differences be-
tween countries.

Finally, the robustness of the results across clus-
tering strategies supports H3. Although diagnos-
tic tests revealed challenges such as serial correla-
tion and cross-sectional dependence, the positive
relationship between AI readiness and e-govern-
ment development remained stable under robust
inference. The findings confirm that artificial in-
telligence readiness is a significant determinant of
digital public administration, with the most sub-
stantial evidence pointing to the impact of ongo-
ing national reforms and investments rather than
inherited structural advantages.

4. DISCUSSION

The empirical findings of this study both confirm
and refine existing research on the role of artificial
intelligence in digital public administration. The
positive and statistically significant within-coun-
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try effect of Government AI Readiness on e-gov-
ernment development is consistent with studies
emphasizing that AI contributes to public-sector
performance when embedded in governance ca-
pabilities and institutional learning. Prior re-
search highlights that AI readiness enhances pub-
lic administration by strengthening coordination
capacity, facilitating data-driven decision-making,
and improving service delivery effectiveness, rath-
er than solely through technological sophistica-
tion (Androniceanu, 2024; Murko et al., 2024). The
present fixed-effects and Mundlak results extend
this literature by demonstrating that changes in
Al readiness over time, rather than cross-country
differences in average readiness, drive improve-
ments in the E-Government Development Index.

At the same time, the findings diverge from a sub-
stantial body of cross-sectional and comparative
research that attributes higher digital governance
outcomes primarily to structural national advan-
tages in AI development. Several studies report
strong between-country associations between Al
maturity and governance quality, competitiveness,
or innovation capacity (Jarzebowski et al., 2024;
Iuga & Socol, 2024). In contrast, the Mundlak
specifications in this study show that between-
country (average) Al readiness effects are statisti-
cally insignificant once within-country dynamics
are controlled. This suggests that earlier cross-
country findings may partly capture persistent in-
stitutional characteristics, such as administrative
traditions or baseline digital capacity, rather than
the causal effect of Al readiness itself. In this sense,
the results support recent critical perspectives ar-
guing that AI indicators often proxy broader gov-
ernance quality unless explicitly modelled in a dy-
namic panel framework (Bondar et al., 2024).

The statistically significant time effects observed
for 2020 and 2022 are also consistent with the liter-
ature, which documents an acceleration of digital
public administration during periods of system-
ic shock. Studies focusing on pandemic-induced
digitalization highlight that governments expand-
ed online services, interoperability, and digital
identity infrastructures at an unprecedented pace,
often independently of prior AI maturity (Stender
et al., 2024; Yarovenko et al., 2024b). However, the
persistence of a positive within-country AI readi-
ness effect after controlling for these time shocks
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aligns with findings that AI-enabled governance reforms amplify the benefits of crisis-driven digital ac-
celeration rather than merely coinciding with it (Kuzior et al., 2025). This reinforces the argument that
Al readiness functions as a catalyst, allowing governments to convert external pressures into sustained
administrative improvement.

Finally, the pronounced country-specific effects identified in the Mundlak framework resonate with the
literature emphasizing institutional heterogeneity in AI adoption outcomes. Research on public-sector
Al repeatedly emphasizes that legal frameworks, administrative culture, ethical governance, and public
trust significantly influence the effectiveness of AI-driven reforms (Haley, 2025; Haley & Burrell, 2025;
Mura & Stehlikovd, 2025). Countries that outperform predictions based on Al readiness alone appear
to possess complementary institutional assets. In contrast, underperforming countries face structural
constraints that limit the translation of Al readiness into effective e-government outcomes. Thus, the
results corroborate the growing consensus in the literature that Al readiness is a necessary but insuffi-
cient condition for digital public administration success, and that its impact is contingent upon broader
governance ecosystems rather than technology-led strategies alone.

This study is subject to several limitations. First, the temporal scope is narrow: the AI Vibrancy Score cov-
ers only the period from 2018 to 2022, and the Government AI Readiness Index from 2019, whereas the
E-Government Development Index is updated biennially. This restricts the ability to observe long-term ef-
fects of AT on public administration. Second, the analysis relies on composite indices (AIVS, GAIRI, and
EGDI) that, despite their authority, may not fully capture national particularities or qualitative aspects of
governance. Third, the absence of additional control variables, such as GDP, ICT penetration, or institu-
tional quality, increases the risk of omitted-variable bias. Finally, the short panel dimension and cross-sec-
tional dependence limit efficiency, even with robust estimation techniques. Future research should extend
the time horizon, incorporate richer covariates, and combine quantitative with qualitative approaches.

CONCLUSION

This study aimed to investigate whether the vibrancy and readiness of artificial intelligence act as driv-
ers of digital public administration, as measured by their impact on the EGDI. The analysis aimed to
distinguish between within-country dynamics and cross-country disparities while assessing the ro-
bustness of the relationship under alternative model specifications.

Two complementary panels were analyzed: 36 countries (2018-2022) linking AIVS with EGDI, and
170 countries (2020-2024) combining GAIRI with EGDI. The study applied panel econometric models
(fixed, random, and Mundlak) with robust, cluster-adjusted inference.

The results show a robust positive relationship between Al development and e-government performance.
Within-country estimates indicate that improvements in AI readiness increase EGDI (FE coefficient
for GAIRI = 0.17, p < 0.001), while random effects suggest stronger cross-country associations (2.55
for AIVS and 0.35 for GAIRI, p < 0.001). However, Mundlak models indicate that between-country ef-
fects are insignificant, suggesting that progress is driven mainly by within-country reforms rather than
structural advantages, and that the results remain robust under clustered errors. The analysis also high-
lights strong country heterogeneity and time effects. Unobserved country factors explain most of the
variance (=87%), indicating persistent structural differences, while positive and significant time effects
show that EGDI increased by about 7.0 points in 2020 and 8.1 points in 2022, reflecting a global upward
trend in digital governance beyond AI influences.

These results carry important policy implications. First, governments should recognize that advancing
Al readiness is an innovation or industrial policy priority and a crucial enabler of more effective and
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accessible digital public services. Second, policy efforts should focus on sustained domestic investments,
such as building digital infrastructure, developing human capital, and strengthening institutional
frameworks for AI governance, since within-country dynamics drive most of the observed improve-
ments. Third, international cooperation and benchmarking remain valuable, but the evidence suggests
that internal reforms are more decisive than structural differences across states. Finally, policies aimed
at inclusive capacity-building in AI should be integrated into national digital transformation strategies
to ensure that progress in e-government development is broad-based, resilient, and aligned with social
and economic development goals.
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APPENDIX A

Samples of the countries for analysis
List of the countries in the sample for analysis of the interrelation of AI Vibrancy Index and EGDI:

United Arab Emirates, Australia, Austria, Belgium, Brazil, Canada, China, Denmark, Estonia, Finland,
France, Germany, India, Ireland, Israel, Italy, Japan, the Republic of Korea, Luxembourg, Malaysia,
Mexico, the Netherlands, New Zealand, Norway, Poland, Portugal, the Russian Federation, Saudi
Arabia, Singapore, South Africa, Spain, Sweden, Switzerland, Turkiye, the United Kingdom, and the
United States.

List of the countries in the sample for analysis of the interrelation of GAIRI and EGDI:

Afghanistan, Albania, Algeria, Angola, Antigua and Barbuda, Argentina, Armenia, Australia, Austria,
Azerbaijan, Bahrain, Bangladesh, Barbados, Belarus, Belgium, Belize, Benin, Bhutan, Bolivia, Bosnia
and Herzegovina, Botswana, Brazil, Brunei Darussalam, Bulgaria, Burkina Faso, Burundi, Cabo Verde,
Cambodia, Cameroon, Canada, Chad, Chile, China, Colombia, Comoros, Congo (Rep.), Costa Rica,
Cote d’Ivoire, Croatia, Cuba, Cyprus, Czechia, the Democratic Republic of the Congo, Denmark,
Djibouti, the Dominican Republic, Ecuador, Egypt (Arab Rep.), El Salvador, Estonia, Eswatini, Ethiopia,
Fiji, Finland, France, Gabon, Gambia, Georgia, Germany, Ghana, Greece, Grenada, Guatemala, Guinea,
Guinea-Bissau, Guyana, Haiti, Honduras, Hungary, Iceland, India, Indonesia, Iran (Islamic Rep.), Iraq,
Ireland, Israel, Italy, Jamaica, Japan, Jordan, Kazakhstan, Kenya, Kiribati, Kuwait, the Kyrgyz Republic,
Lao PDR, Latvia, Lebanon, Lesotho, Lithuania, Luxembourg, Madagascar, Malawi, Malaysia, the
Maldives, Mali, Malta, Mauritania, Mauritius, Mexico, Mongolia, Montenegro, Morocco, Mozambique,
Myanmar, Namibia, Nepal, the Netherlands, New Zealand, Nicaragua, Niger, Nigeria, North Macedonia,
Norway, Oman, Pakistan, Panama, Paraguay, Peru, the Philippines, Poland, Portugal, Qatar, the
Republic of Korea, Moldova, Romania, the Russian Federation, Rwanda, Saint Lucia, Saint Vincent
and the Grenadines, Samoa, Saudi Arabia, Senegal, Serbia, the Seychelles, Sierra Leone, Singapore, the
Slovak Republic, Slovenia, Solomon Islands, South Africa, Spain, Sri Lanka, Sudan, Suriname, Sweden,
Switzerland, the Syrian Arab Republic, Tajikistan, Thailand, Timor-Leste, Togo, Tonga, Trinidad and
Tobago, Tunisia, Turkiye, Uganda, Ukraine, the United Arab Emirates, the United Kingdom, Tanzania,
the United States, Uruguay, Uzbekistan, Vanuatu, Venezuela (RB), Viet Nam, Yemen (Rep.), Zambia,
and Zimbabwe.

APPENDIX B

Country-specific effects

Table B1. Country-specific effects (u;) from the Mundlak correlated random effects model

Country i u; i Country i u; i Country i u;
Afghanistan ; -0.061 i Oman ; Germany ; .
Angola oi....70169 Pamama . 0101 ‘Greece . . .. . . 018
Argentina 0376 PR i, Q219 Guatemala D004
Australia . Poland . Guinea-Bissau -0.228
Aserbaijan o 042 Qater o <0086 Ha o 0442
Bangladesh  i.......70079 .. .RussianFederation . 0087  Hungary ... 0028
Belarus 0208 iSaintlucia o D0073 india i T0267
Belize i Samoa i Iran, Islamic Rep. ; -0.009
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Table B1 (cont.). Country-specific effects (u;) from the Mundlak correlated random effects model

Country

u;

Country

uj

Country

Ui

al

Bosnia and
Herzegovina

i Seychelles

i Saint Vincent and the :
i Grenadines :

Serbia

Solomon Islands

Vanuatu

North Macedonia

Kiribati

Note: u; are country-specific intercepts from the Mundlak correlated RE model with time effects. Positive values denote struc-
tural overperformance in EGDI relative to GAIRI; negative values denote underperformance.
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Table B2. Country fixed effects (a;) from the panel model

Country a; Country Country a;
Kiribati L ..70210 Nigeria (Georgia i 0191 .
Afghanistan o i....00322 ] NOTWaY o Ghana 20041
Algeria 0088 Pakistan .. Grenada b 0079 ...
Antigua and Barbuda -0.014 Paraguay ‘Guinea -0.357

Romania

aint Vincent and th
Grenadines

Belize

0.271

i Bosnia and
i Herzegovina

Burundi 20337
Cambodia 70110 ..
Canada 0.192

%SeycheHes

South Africa

Suriname

0.068

Croatia

Thailand

Trinidad and Tobago

0.134

: Dominican Republic

0.052

: United States

0.303
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Table B2 (cont). Country fixed effects (a;) from the panel model

a Country a

Country a; Country

..0115 " Egypt, Arab Rep.
—O.3§§ o Estonia

Montenegro

Nicaragua -0.095 : Gabon

Note: Values are rounded to three decimals.
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