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NATIONAL READINESS

FOR THE TRANSFORMATION
OF DIGITAL BANKING

FROM MOBILE APPLICATIONS
TO AI-DRIVEN SERVICES:

A CROSS-COUNTRY
COMPOSITE INDEX

Abstract

The digital transformation of banking is entering a new phase, shifting from mobile
applications toward AlI-driven, personalized services, yet the readiness of national en-
vironments for this shift remains largely unexamined. The study aims to assess the
cross-country readiness of banking systems for this shift by integrating demand-side
digital financial inclusion with supply-side government Al readiness in a single com-
posite measure. To this end, an AI-Banking Readiness Index (ABRI) is constructed by
two-stage principal-component analysis from the World Bank Global Findex (2011-
2024) and the Oxford Insights Government AI Readiness Index 2025 for 97 econo-
mies; it is complemented by k-means clustering, a demand-supply positioning matrix,
and cross-sectional and two-way fixed-effects panel regressions. Three findings follow.
First, at the index level, the two sides of readiness are only moderately aligned (r =
0.655), and 28 of the 97 economies lead on one side only - a mismatch that supply-
only rankings conceal. Second, across countries, government Al readiness is positively
associated with deeper household digital-finance adoption once income is controlled
(B = 0.451, p = 0.017). Third, within countries over time, e-government capacity is
related to account ownership in a pattern consistent with an infrastructure-mediated
channel; this constitutes suggestive channel evidence rather than a formal mediation
test. Practically, the index locates each economy’s binding constraint: supply-led econ-
omies need demand-side activation through connectivity, interoperable payments, and
digital literacy, whereas demand-led economies need AI governance and supervisory
capacity before personalized, AI-driven services can scale safely.

Keywords digital banking, financial inclusion, Al readiness,
composite index, panel data, cluster analysis, cross-
country, e-government

JEL Classification G21, 038, C43, C23

INTRODUCTION

Over the past decade, digital technology has reshaped how households
interact with banks. Worldwide account ownership rose from 51% of
adults in 2011 to 79% in 2024, and in low- and middle-income econo-
mies it reached 75%, up from 42% (Klapper et al., 2025). Mobile phones
and the internet account for much of this growth: 62% of adults in de-
veloping economies — 82% of account owners — made or received a
digital payment in 2024, and the share saving formally in an account
climbed to 40%, a 16-percentage-point increase since 2021 (Klapper
et al., 2025; OECD, 2025). For a growing majority of customers, the
mobile application has become the primary banking channel. Yet 1.3
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billion adults remain unbanked, and persistent gaps in usage, gender, and income mean that the digital
transformation of banking is far from complete (Klapper et al., 2025).

A second wave of transformation is now underway as banks move from app-based self-service toward
Al-mediated, personalized services — conversational assistants, automated advice, and real-time fraud
monitoring. The McKinsey Global Institute estimates that generative AI could add USD 200-340 bil-
lion annually to the global banking sector, equivalent to 2.8-4.7% of industry revenues, largely through
productivity gains and richer customer interaction (McKinsey Global Institute, 2023). Realizing this
potential depends not only on customer demand but also on the institutional and policy environment
in which banks operate — data infrastructure, digital skills, regulation, and public-sector Al capacity
(Bagirzade, 2025). That environment is highly uneven: the Government AI Readiness Index 2025 as-
sesses 195 governments across six pillars and 14 dimensions and finds wide, persistent disparities, with
high-income leaders such as the United States, France, and the United Kingdom far ahead of most low-
and middle-income economies (Oxford Insights, 2025). Readiness for the next, AI-driven stage of digi-
tal banking is thus unequally distributed across countries.

Two clarifications delimit the scope. The unit of observation is the country: the study measures the
readiness of the environment in which a national banking system operates (the demand-side maturity
of household digital finance and the supply-side capacity of the state to enable AI), not the Al services
of individual banks, so bank-level applications such as chatbots, robo-advisory, or Al-based credit scor-
ing are not observed here. Readiness is thus understood as the set of macro-level preconditions under
which AI-driven banking services can emerge and scale, not as a measure of how far banks have already
deployed them.

These two dimensions - the demand-side maturity of digital finance and the supply-side capacity of the
state to enable AI - have so far been studied largely in isolation. The financial-inclusion literature docu-
ments how account ownership and digital payments spread, while a separate strand assesses national
Al readiness; few studies connect the customer-facing footprint of digital banking with the AI policy
frameworks that shape its next phase, and integrated composite metrics that bridge these two domains
remain limited. This gap matters because a banking system’s readiness for AI-driven, personalized ser-
vices is jointly determined by how broadly customers already engage with digital channels and by how
prepared the surrounding governance environment is to deploy Al responsibly. This study addresses
that gap by constructing a composite AI-Banking Readiness Index (ABRI) that brings both sides of
readiness into a single instrument.

The primary contribution of this study is integrative rather than technical. The true value of the ABRI
lies not in proposing a novel weighting scheme, but in synthesizing demand- and supply-side metrics
into a unified framework. To demonstrate its practical diagnostic utility, the index is computed for all
97 economies, and its interpretation is then illustrated for one regional group — Armenia, Azerbaijan,
Georgia, Kazakhstan, Uzbekistan, and Tiirkiye — that spans the full demand-supply typology devel-
oped below.

1. LITERATURE REVIEW

the next inflection point in this trajectory (Singh
et al., 2025). Evidence on the performance conse-

The digitalization of financial services has shifted
from incremental improvements in service deliv-
ery to the creation of fundamentally new business
models, products, and modes of customer inter-
action (Gomber et al.,, 2017), and a growing body
of work now treats artificial intelligence (AI) as
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quences for incumbents is conditional rather than
uniform: across European Union banks, FinTech
and Al adoption operate as a double-edged sword,
raising returns for well-capitalized, technologi-
cally mature institutions while exposing weaker
ones to integration risk (Siminica et al., 2025), and
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the launch of generative tools such as ChatGPT
produced a significant negative reaction in the
stock returns of traditional commercial banks
(Beckmann & Hark, 2024). At the consumer in-
terface, readiness to adopt FinTech and AI-driven
finance depends heavily on baseline digital lit-
eracy, financial literacy, and self-efficacy (Dewi
et al., 2025; Islam & Khan, 2024), foreshadowing
the demand-side constraints examined below. The
review that follows is therefore organized around
the two sides of the proposed index (demand-side
adoption and supply-side state capacity) together
with the composite-indicator methodology that
joins them.

A large stream models the micro-determinants
of digital-banking adoption and the customer ex-
perience it produces. Perceived usefulness, ease
of use, security, and trust consistently emerge as
the principal drivers of intention to use and of
customer satisfaction (Hedau, 2025; Kadri, 2025;
Lama et al., 2025), with satisfaction in turn medi-
ating long-run loyalty to digital wallets and mo-
bile services (Thi Nguyen et al., 2026) and ubiqui-
tous mobile-internet access acting as a structural
enabler of mobile-banking uptake (Malaquias &
Hwang, 2025). These benefits are unevenly dis-
tributed, however: older adults face technological
and trust barriers that require tailored interfaces
(Poorna Chandran & Tholath, 2025). A related lit-
erature studies the Al layer of the customer rela-
tionship — conversational agents, recommendation
systems, sentiment-based feedback analytics, and
chatbots (Peruchini et al., 2024; Kildei et al., 2025;
Kostiushko et al., 2025) — and finds that while AI
quality and prior experience predict the intention
to use robo-advisory services, consumers retain a
marked preference for human fallback and remain
skeptical of full automation in complex or sensi-
tive interactions (Piotrowski & Orzeszko, 2023;
Glos & Karwot, 2025). Collectively, this body of
literature establishes that while adoption is con-
strained by trust and literacy at the individual lev-
el, the focus remains inherently micro-analytic. It
fails to identify which countries possess the nec-
essary demand base for Al-driven banking. The
demand sub-index developed below is specifically
designed to bridge this aggregation gap.

At the macro level, the diffusion of mobile tech-
nology has driven historic growth in account

http://dx.doi.org/10.21511/bbs.21(3).2026.06
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ownership, digital payments, and mobile money
(Klapper et al., 2025), and FinTech is widely identi-
fied as a catalyst that extends inclusion in emerging
markets by circumventing legacy infrastructure
(Murshudli & Loguinov, 2019, 2020; Murshudli et
al., 2020; Kovalenko, 2021, Kovalenko et al., 2023,
Del Sarto & Ozili, 2025). The welfare consequenc-
es are more contested. Expanding financial access
raises bank profitability but introduces stability
and socio-economic trade-offs (Budhathoki et al.,
2025), and the link between inclusion and pover-
ty or inequality is non-linear, materializing only
once digital-payment usage passes certain thresh-
olds (Laskiené et al., 2026) — a reminder that inclu-
sion depends on literacy and institutional support
rather than access alone.

A separate, largely macro-institutional stream
measures the supply side — national capacity, in-
frastructure, and governance for Al - frequent-
ly operationalized through the Government AI
Readiness Index (GARI). National-level AI readi-
ness, in its ethics, institutions, infrastructure, and
governance components (Bagirzade, 2023), is
found to drive banking-sector profitability and
transformation (Sitnicka et al., 2025). Evidence
from adjacent, similarly infrastructure-depen-
dent domains reinforces the interpretation of the
GARI as a general-purpose state capability rather
than a sector-specific one: government Al readi-
ness has been linked to renewable-energy capac-
ity, energy security, and energy equity (Lyeonov
et al,, 2025; Kuzior et al., 2025a; Kirichok et al.,
2025; Yarovenko et al., 2025a). It is this portabil-
ity across sectors that motivates extending the
index to banking, although these studies observe
institutional outcomes rather than the household
side of the markets concerned. More broadly, e-
government development and network readiness
strengthen states’ capacity to combat corruption
and cyber threats (Yarovenko et al., 2025a), insti-
tutional trust mediates the conversion of digital
maturity into infrastructure outcomes (Topazly
et al,, 2026), and the realization of public-sector
AT value depends on change management, pub-
lic-private partnerships, and reasonable human
oversight (Barodi & Lalaoui, 2025; Oe et al., 2025;
Kajda & Karwot, 2025; Hayes & Burrell, 2026).
Cross-national evidence also documents persis-
tent unevenness in public-sector digital transfor-
mation that early infrastructure advantages do
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not guarantee away (Valaskova et al., 2025), and
clustering of compliance regimes underscores the
need for context-specific institutional strategies
(Kuzior et al., 2025b).

Underpinning both sides is a literature on digi-
tal transformation as an economy- and firm-level
process. Digital enablement and open innovation
restructure firm value and sustainability when
matched by supportive organizational culture
(Dillianti et al., 2024; Elmaghraby et al., 2025),
yet financial constraints stratify rather than con-
verge digital capabilities among smaller firms
(Sartamorn et al., 2025), and workforce resistance
must be managed for AI integration to succeed
(Hart, 2025). At the country level, clustering and
multi-criteria methods reveal latent structures
and persistent divides in digital-transformation
trajectories driven more by digital competence
and human capital than by basic ICT (Pakhnenko
et al., 2025; Yarovenko et al.,, 2025b), while Al
investment and research activity emerge as en-
gines of national innovation (Temerbulatova et al.,
2025). This stream also flags cross-cutting risks
and tools: opaque algorithmic profiling and weak
user awareness on digital platforms (Wieczorek &
Postrzednik-Lotko, 2025; Hayes, 2026), the trust
dynamics of Al disclosure (Pho Nguyen et al,
2026), the sustainability potential of Al-enabled
collaboration (Quisenberry & Burrell, 2026), AI’s
promise for regulatory surveillance (Burrell, 2025),
and - methodologically central to the present
study - the design of robust composite indicators,
where weighting and aggregation choices are the
principal sources of fragility (Greco et al., 2019).
The central prescription of this stream is that the
credibility of a composite indicator rests less on
the sophistication of its weighting scheme than on
the transparency and robustness of its construc-
tion — a principle that directly guides the design
choices of the present study.

Taken together, the reviewed evidence locates the
drivers of digital-banking adoption at the house-
hold level and the enabling capacity for AI at the
level of the state, but it examines the two largely
on different units of analysis, with different data,
and in static designs. Country-level instruments
that read both sides jointly are still lacking, as is
evidence on how the relationship between them
unfolds within countries over time.
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This study aims to assess the cross-country readi-
ness of banking systems for the shift toward Al-
driven, personalized services by constructing a
composite Al-Banking Readiness Index that in-
tegrates demand-side digital financial inclusion
with supply-side government AI readiness, classi-
tying economies by their demand-supply profiles,
and estimating how Al readiness relates to house-
hold digital-finance maturity across countries and
over time.

2. DATA AND METHODOLOGY

This section describes the data and sample (Section
2.1), defines the variables (Section 2.2), formalizes
the construction of the AI-Banking Readiness
Index, ABRI (Section 2.3), sets out the empirical
strategy (Section 2.4), and states the study’s limita-
tions (Section 2.5).

2.1. Data and sample

The analysis combines four public sources.
Demand-side digital-finance behavior is drawn
from the World Bank Global Findex Database
(2025 release), which reports nationally represen-
tative survey indicators for five waves (2011, 2014,
2017, 2021, and 2024); the cross-sectional analysis
uses the latest (2024) wave, while the panel exploits
all five. Supply-side AT capacity is measured by the
Oxford Insights Government AI Readiness Index
(GARI) 2025, comprising an overall score and six
pillars. Because the GARI is a single cross-section-
al snapshot, the United Nations E-Government
Development Index (EGDI) - a biennial, time-
varying measure of state digital capacity — serves
as the panel proxy for the supply side. Three con-
siderations justify this substitution. Conceptually,
the EGDI measures the same latent state digital
capacity on which Al readiness builds: its online-
services, telecommunication-infrastructure, and
human-capital components capture the infra-
structural and public-sector foundations under-
lying the GARI pillars. Empirically, the two mea-
sures are strongly convergent in this sample (r =
0.82; Section 3.6). Pragmatically, the EGDI is the
only near-universal, biennial, time-varying indi-
cator of state digital capacity spanning 2011-2024.
Because the EGDI is nonetheless broader than
AT readiness, the panel estimates are interpreted
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throughout as evidence on e-government capacity
rather than on Al readiness specifically. Macro-
financial controls are taken from the World
Bank World Development Indicators (WDI) and
Worldwide Governance Indicators (WGI), supple-
mented by the International Telecommunication
Union (ITU) for connectivity variables.

Since each analytical stage entails distinct data
requirements, the resulting samples differ in a
transparent, largely nested manner (summarized
in Table B1, Appendix B). Constructing the ABRI
requires the intersection of economies included in
the 2024 Findex wave (possessing complete digi-
tal-finance indicators) and the 2025 GARI, yield-
ing 97 economies (listed in Table B2, Appendix B).
The cross-sectional regressions are estimated on
the 93 economies from this group that have com-
plete control variables. Conversely, the panel anal-
ysis is not constrained by GARI coverage; it strict-
ly requires data on account ownership (available
across all five Findex waves), the EGDI, and WDI/
WGI controls, all of which offer broader geograph-
ic coverage. This formulation yields 648 complete
country-wave cases. After excluding nine singleton
country effects, the final estimation sample com-
prises 639 observations across 142 countries, each
observed in at least two waves. Ninety-one of the
97 ABRI economies are included in this panel (six
were excluded due to appearing in fewer than two
complete Findex waves). Consequently, the panel
nests the index sample while incorporating an ad-
ditional 51 economies that lack complete ABRI
inputs. Finally, the Al-specific trend specification
restricts the panel exclusively to GARI-covered
countries (423 observations across 94 countries).
Ultimately, the broader panel addresses within-
country dynamics, whereas all index-based find-
ings rely on the 97-economy sample.

All index-based results are reported for the full
97-economy sample. To show how the index is
read in practice, one regional group — Armenia,
Azerbaijan, Georgia, Kazakhstan, Uzbekistan,
and Tirkiye - is used as a worked example: these
economies share a common institutional legacy
and comparable development trajectories, with
low financial inclusion in the early 2010s followed
by rapid digitalization, and together they span the
full demand-supply typology developed below.
The group serves purely as an illustration; all esti-
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mation results in Sections 3.5 and 3.6 are based on
the full samples described above.

2.2. Variables

Appendix A defines the variables and their sources.
The demand block comprises three Findex indica-
tors — digitally enabled account ownership, digital
payment activity, and formal saving - capturing
the access-transaction-accumulation gradient
of household digital-finance maturity; the supply
block comprises the six GARI pillars. The depen-
dent variable is account ownership in the panel
and the demand sub-index in the cross-section.
The controls capture the standard macro determi-
nants of financial development: income, connec-
tivity, urbanization, institutional quality, financial
depth, and human capital.

2.3. Construction of the ABRI

The ABRI is built by two-stage principal-compo-
nent analysis (PCA). Within each block, indica-
tors are first standardized (Eq. 1), where x, is the
raw value of indicator k for economy i, z,, its stan-
dardized value, and y, and o, its sample mean and
standard deviation.

X, —
z, =2uHe (1)
Oy

Each sub-index is the score on the first principal
component of its block (Eq. 2): the demand sub-
index from the three Findex indicators and the
supply sub-index from the six GARI pillars. The
score F; loads the standardized indicators with
weights 1, the elements of the eigenvector of the
block’s correlation matrix R that corresponds to
its largest eigenvalue A .

F, :Zklkzl.k. )

Each component score is linearly rescaled to the
0-100 range (Eq. 3), where F; is the component
score, F and F its sample minimum and max-
imum, and I the resulting 0-100 index; this yields
the demand sub-index D; and the supply sub-in-
dex Si.

F-F_
1,=100 - ——=—, 3)
Fmax_ min
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The integral ABRI repeats the same logic on the
two sub-indices (Eq. 4): the integral score A; is
the first principal component of the standard-
ized demand and supply sub-indices, with PCA
weights m and m, and z(") the standardization of
Eq. 1; A; is then rescaled to 0-100 by Eq. 3 to give
the ABRL

Ai:mlz(Di)erzz(Si). 4)

The adequacy of the single-factor representation is
assessed with three standard diagnostics, report-
ed in Table 2. Bartlett’s test of sphericity (Eq. 5)
tests whether the correlation matrix departs from
the identity matrix, where X* is the test statistic, n
the sample size, p the number of indicators, |R| the
determinant of the correlation matrix, and df the
degrees of freedom.

;(2:—[n—1—2p6+5} . ln|R

b

®)

The Kaiser-Meyer-Olkin (KMO) measure of
sampling adequacy compares zero-order with
partial correlations (Eq. 6), where r; are pair-
wise correlations and a;; the corresponding par-
tial (anti-image) correlations; values above 0.6
are acceptable.

ZZrl..z
KMOzﬁ,
P 1 +2> a;

i#j ©)
Internal consistency is summarized by Cronbach’s
a (Eq. 7), where k is the number of items, 01.2 the

item variances, and the denominator the variance
of their sum.

k o7
“{E} [1-22) )

Or

Construct validity is examined by correlating
the supply sub-index with the published GARI
score and the PCA index with its equal-weight
counterpart; robustness is checked by alter-
native weighting, indicator substitution, and
leave-one-pillar-out re-estimation (reported in
Appendix D).
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2.4. Empirical strategy

Country typology. To group economies by readi-
ness without imposing thresholds, k-means clus-
tering is applied to the two standardized sub-indi-
ces, minimizing the within-cluster sum of squares
(Eq. 8), where z; is the standardized (demand, sup-
ply) vector for economy i and the y-terms are the
centroids of clusters ¢ (which form the set C), and
Il is the Euclidean norm.

min ZZ \z, — i, \. 8)

c ieC,

The number of clusters is chosen by maximizing the
average silhouette width (Eq. 9), where a; is the mean
within-cluster distance and b; the mean distance to
the nearest other cluster; the criterion favors k = 2.
Independently, economies are cross-classified into a
2 x 2 strategic matrix by comparing each sub-index
with its sample median, distinguishing integrated
leaders, demand-led, supply-led, and nascent profiles.

b—a
K max (a,,b,) ©)

Cross-sectional nexus. The association between Al
readiness and demand-side maturity is estimated by
OLS with the demand sub-index D; as the dependent
variable (Eq. 10), where G; is the GARI overall score
and X the controls, 3, the intercept, B, and y; the
slope coeflicients, and ¢; the error term. Standard er-
rors are heteroskedasticity-robust (HC3); standard-
ized coefficients are reported for comparability, and
variance-inflation factors gauge multicollinearity.

Di:ﬂ0+ﬂl Gi+27iji+gi' (10)
J

Panel dynamics. To test whether the relationship
holds within countries over time, account own-
ership y, is modeled with two-way (country and
wave) fixed effects (Eq. 11), where «; are country
effects, § , wave effects, X, = (internet, log GDP, mo-
bile, urban, regulatory quality)’, and E, the EGDI
proxy (the 6 term, included in Models 2-3),  is
the coefficient vector on X, and g, the error term;
standard errors are clustered by country. EGDI is
examined both alongside and in place of internet
penetration to identify the channel through which
state capacity operates.

http://dx.doi.org/10.21511/bbs.21(3).2026.06



V,=a,+0,+p'x, +0F, +¢,. (11)
Finally, an Al-specific specification interacts the
GARI score G; with a centered wave trend T, with
a base-GDP x trend term (g; = base-year log GDP
per capita) absorbing income convergence (Eq. 12),
where ¢ and y are the coefficients on the G; x T, and
& X T, interactions, respectively; the main effects of
Giand g; are absorbed by the country fixed effects, so
only their interactions with the trend are identified.

Vi =Q; +5: +(p(Gi'Tt)

(12)
+y (g 7,)+B'x, +¢&,.

2.5. Limitations

Several limitations qualify the findings. First, the
GARI is a single 2025 cross-section, so Al readi-
ness cannot be identified within the panel; the EGDI
proxy and GARI x trend term mitigate but do not
fully resolve this. Second, the Findex waves are ir-
regular and survey-based, the panel unbalanced, and
the cross-sectional estimates associational rather
than causal. Third, the sample skews toward middle-
and high-income economies, limiting external valid-
ity for data-poor countries. Fourth, the self-reported
mobile/internet-banking indicator was dropped for
correlating negatively with the access—payment-sav-
ing core, leaving one behavioral channel outside the
index. Fifth, the PCA weights are sample-estimated,
so the index is relative rather than absolute. Sixth,

Table 1. Descriptive statistics (N = 97)

Banks and Bank Systems, Volume 21, Issue 3, 2026

the ABRI captures the country-level enabling en-
vironment rather than the tangible deployment of
AT by financial institutions. Within this framework,
readiness constitutes a prerequisite for, rather than
empirical proof of, Al-driven banking; bridging
this gap would necessitate bank-level adoption data.
Finally, because the infrastructure channel detailed
in Section 3.6 relies on coeflicient shifts across speci-
fications, it provides suggestive evidence of an under-
lying mechanism rather than constituting a formal
mediation analysis.

3. RESULTS AND DISCUSSION

3.1. Sample and descriptive statistics

The estimation sample comprises the 97 economies
observed in both the demand-side and supply-
side sources — the intersection of the 2024 Global
Findex wave (with non-missing digital-finance in-
dicators) and the 2025 Government Al Readiness
Index (GARI); one economy (Kosovo) is lost to
missing Findex coverage. Table 1 reports the dis-
tribution of the three demand indicators, the six
GARI pillars, and the three composite indices.

Demand-side penetration is low and widely dis-
persed. On average, 46% of adults hold a digitally
enabled account, 29% made or received a digital
payment, and only 19% save formally at a financial
institution; the descending means trace a familiar

Variable Mean SD Min Median Max
Demand indicators (share of adults, 0-1)
Digitally enabled account ownership . 046 G 02 007 o ! 048 096 ..
Made or received a digital payment 0.29 0.21 0.02 0.24 0.73
“Saved formally (at a financial institution) 019 012 003 017 067
Policy Capacity f 100.00
Allnfrastructure L7836
Governance 93.21
Public Sector Adoption L9478
Development & Diffusion . LIAeT
Resilience 77.34
Demandsub-index . 10000

_ABRI (integral)

L.10000
100.00

Note: Demand indicators are population shares (World Bank Global Findex 2024 wave); GARI pillars and composite indices are
scaled 0-100. Composite indices are PCA-derived (see Section 3.2).
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adoption gradient running from access through
transaction to accumulation. Supply-side capacity
is higher on average but uneven in composition:
Governance is the strongest pillar (mean 55.05)
and Development & Diffusion the weakest (28.57),
while AI Infrastructure has the most compressed
distribution (SD 11.67) and Policy Capacity the
widest (SD 29.95). On the common 0-100 scale, the
supply sub-index (mean 42.12) modestly exceeds
the demand sub-index (37.70), and the integral
ABRI averages 38.45.

3.2. ABRI construction and validation

The ABRI aggregates two principal-component
sub-indices. The demand sub-index is the first
principal component (PC1) of the three Findex
indicators; the supply sub-index is PC1 of the six
GARI pillars; the integral index is PC1 of the two
sub-indices. Each block is standardized before
extraction, oriented so that higher values denote
greater readiness, and rescaled to 0-100. Table
2 reports the loadings, the share of variance ex-
plained, and the factor-adequacy statistics.

Both blocks are well represented by a single factor.
For the demand block, Bartlett’s test of sphericity
rejects the identity-correlation null (x* = 111.7, df

=3, p = 4.7 x 107*), the Kaiser-Meyer-Olkin mea-
sure is 0.696, and Cronbach’s a is 0.791; PC1 ac-
counts for 74.4% of the variance with near-equal
loadings (0.541, 0.593, 0.596), indicating a bal-
anced composite rather than one dominated by a
single item. The supply block is stronger: Bartlett
x* =438.9 (df = 15, p = 4.5 x 107**), KMO 0.849, a
0.894, with PC1 explaining 73.4% of the variance
and all six pillars loading evenly (0.383-0.430). In
both blocks, the variance is concentrated in the
leading component (demand 0.744 versus 0.163 for
the second; supply 0.734 versus 0.083), and only
the first component has an eigenvalue above unity
under the Kaiser criterion.

The composite is robust to construction choices.
The PCA-weighted integral index is effectively
identical to a simple equal-weight average of the
two sub-indices (r = 1.0), and the supply sub-index
reproduces the published GARI overall score al-
most exactly (r = 0.997). The index is also invariant
to indicator selection: equal weighting leaves the
ranking unchanged (Spearman p = 1.000), substi-
tuting account ownership for the three-indicator
demand block preserves it (p = 0.975), and drop-
ping any single GARI pillar changes it negligibly
(minimum p = 0.996); these checks are reported
in full in Appendix D. These near-equivalences

Table 2. ABRI construction and factor-adequacy diagnostics

Panel A. Demand sub-index (Findex 2024) — indicator PC1 loading
Digitally enabled account ownership 0.541
Made or received a digital payment 0.593
Saved for:r:ﬁélly (ﬁnanciaijliji::nsﬁtuﬁon) 0596
Variance explainedbyPCl e 74.4%
Panel B. Supply sub-index (GARI 2025, six pillars) — pillar PC1 loading
oy Capacty e e
Allnfrastructure e 0.416
Governance 0.413
Public Sector Adoption B o 0383
Development & Diffusion 0.430
Resilience e 0.384
Variance explained by PC1 73.4%

Panel C. Factor adequacy Demand Supply

Bartletty’(df) 1173 438.9 (15)
Bartletp =47x107 2 =4.5x107%*
Kaiser-Meyer-Olkin 0.696 0.849
Crombacha T osw
First-component varianggshare """ 0744 0.734
Second-component variance share 0.163 0.083

Note: Loadings are PC1 coefficients on standardized inputs. Validation: integral ABRI vs. equal-weight average r = 1.0; supply
sub-index vs. GARI overall r = 0.997; demand—supply r = 0.655; Spearman (ABRI, GARI overall) = 0.904. Robustness checks
(aggregation, indicator substitution, and leave-one-pillar-out) are in Appendix D.
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are informative rather than problematic. PCA
serves here as a validation device rather than as
a source of non-trivial weights, establishing that
each block is well represented by a single latent di-
mension and that the weights are not an artefact
of the aggregation choice. The contribution of the
ABRI accordingly lies in integrating demand- and
supply-side measurement within one instrument
rather than in the weighting scheme. The fact that
a fully transparent equal-weight version reproduc-
es the ranking exactly further strengthens repli-
cability. Importantly, the ABRI is not redundant
with Al readiness alone - its rank correlation with
the GARI overall score is high but well below uni-
ty (Spearman p = 0.904), so the demand dimen-
sion reorders roughly a tenth of the ranking. The
two sub-indices are only moderately correlated (r
= 0.655), leaving substantial cross-country hetero-
geneity that motivates the typology in Sections 3.3
and 3.4. One candidate demand indicator - self-
reported use of mobile or internet banking - was
excluded from the composite because it correlates
negatively with the otherwise coherent access-pay-
ment-saving block; this “card-first versus internet-
first” divergence is a reminder that digital-finance
maturity is not a single pathway, which bounds
any composite built from it.

3.3. Readiness landscape: country
clusters

To characterize the readiness landscape without
imposing thresholds, k-means clustering was ap-
plied to the standardized demand and supply sub-
indices (20 initializations, fixed seed). The aver-

Banks and Bank Systems, Volume 21, Issue 3, 2026

age silhouette width is maximized at k = 2 (0.476),
yielding two well-separated groups (Table 3, Panel
A). The first cluster - advanced adopters (n = 42)
- combines high demand (56.2) and high supply
(62.5) for a mean ABRI of 58.3; the second - na-
scent markets (n = 55) - is uniformly low (demand
23.6, supply 26.6, ABRI 23.3). The partition runs
along the diagonal of overall development rather
than separating demand-leaders from supply-
leaders, consistent with the moderate demand-
supply correlation documented above.

As the illustrative application described in Section
2.1, Table 3 (Panel B) locates the six economies of
the regional group. Azerbaijan (ABRI 47.5, rank
31 of 97) falls among the advanced adopters, but
its profile is internally asymmetric: supply capac-
ity (59.2) substantially exceeds demand matu-
rity (38.3), so household adoption - not state Al
readiness — is the binding frontier. Uzbekistan
(48.0, rank 29) shows the same supply-ahead pat-
tern, whereas Georgia (45.4, rank 34) is the mir-
ror case, with demand modestly ahead of sup-
ply. Kazakhstan (65.7, rank 12) and Tiirkiye (63.8,
rank 14) are the most balanced and highest-placed
regional economies, while Armenia (34.5, rank
49) records the lowest readiness of the group and
is its only member of the nascent-markets cluster.

3.4.Strategic positioning matrix

Clustering by development level masks strategi-
cally important asymmetries. To expose them,
economies were cross-classified against the sam-
ple medians of the two sub-indices (demand 32.1,

Table 3. Cluster profiles and selected economies (k-means, k = 2)

Panel A. Cluster

Cluster n : Demand Supply ABRI
Nascent markets 55 : 236 26.6 : 233
Panel B. Economy
Country Demand Supply ' ABRI Rank Cluster
Kazakhstan 69.7 63.2 65.7 12 Advanced
T s e er
38.3 59.2 47.5 31 Advanced
Georgla . ....501 S T S B N Advanced
Armenia 36.2 35.9 34.5 49 Nascent

Note: Clustering on standardized demand and supply sub-indices; silhouette maximized at k = 2 (0.476). “Advanced” / “Na-
scent” in Panel B denote the advanced-adopters and nascent-markets clusters. Azerbaijan (bold) is an advanced adopter.

Panel B is ordered by ABRI rank.
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supply 40.7), producing the 2 x 2 matrix in Figure
1. Thirty-five economies are Integrated leaders
(high on both), and 34 are Nascent (low on both),
so roughly 71% lie on the alignment diagonal. The
remaining 28 split evenly: 14 Supply-led econo-
mies (low demand, high supply) - including the
Philippines, Egypt, Jordan, Moldova, Mexico,
Pakistan, Bangladesh, and Morocco - and 14
Demand-led economies (high demand, low sup-
ply) - including Mongolia, North Macedonia,
Venezuela, Namibia, Montenegro, Belize, Bosnia
and Herzegovina, and Kyrgyzstan.

The reordering relative to GARI makes the de-
mand contribution concrete. Incorporating de-
mand lifts demand-led economies sharply in the
ABRI ranking - Venezuela by 39 places, North
Macedonia and Belize by 33, Mongolia by 32,
Namibia by 26, and Croatia by 22 - while supply-
led economies fall once weak household adoption
is accounted for: Bangladesh by 28, the Philippines
by 26, Egypt and Pakistan by 24, Morocco by 22,
and Lebanon by 21. At the top of the index, China

leads (100), followed by Poland (84.6), Saudi
Arabia (81.5), Brazil (78.8), and Thailand (77.4),
with Ukraine eighth (71.1). Azerbaijan sits in the
high/high quadrant — above both medians - yet
its internal supply-over-demand gap identifies the
demand side as its policy frontier.

Taken together, the index-level evidence is de-
scriptive: demand-side and supply-side readiness
are related but distinct dimensions, and almost
a third of economies lead on one side only. That
economies cluster by development rather than by
demand- versus supply-leadership echoes latent
structures in cross-country digital transforma-
tion (Pakhnenko et al., 2025); yet off-diagonal cas-
es — and supply-ahead profiles such as Azerbaijan
- suggest that the binding frontier often lies on the
demand side, which a supply-only index would
miss. Because readiness for personalized, Al-
driven banking depends on household uptake, the
micro-evidence that adoption hinges on useful-
ness, ease of use, and trust (Hedau, 2025) - and
that AI quality and trust predict the intention to

ABRI strategic positioning matrix (2024-2025, N = 97)
100 - Supply-led Integrated leadeCCHN k-means cluster
@ Advanced adopters
@ Nascent markets
® o
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Note: Economies are plotted by their demand and supply sub-indices; dashed lines mark the sample medians (demand 32.1,
supply 40.7). Quadrants: Integrated leaders (high demand, high supply), Demand-led (high demand, low supply), Supply-led
(low demand, high supply), and Nascent (low demand, low supply). Marker color denotes the k-means cluster (advanced

adopters vs. nascent markets); Azerbaijan is highlighted.

Figure 1. ABRI strategic positioning matrix (2024-2025, N = 97)
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use robo-advisory services despite a preference for
human fallback (Piotrowski & Orzeszko, 2023) —
implies that supply-side capacity translates into
uptake only where household trust and usability
are secured.

3.5.The demand-supply nexus

The analysis now turns from description to estima-
tion, asking whether national Al readiness is as-
sociated with demand-side digital-finance matu-
rity once standard development controls are held
fixed. Table 4 reports cross-sectional OLS regres-
sions with HC3-robust standard errors (N = 93;
four economies are lost to missing controls), using
the demand sub-index as the dependent variable.

Model 1 includes only the controls — log GDP per
capita, internet use, regulatory quality, domes-
tic credit, and tertiary enrollment - and explains
55.6% of the variance; income is the dominant
correlate (12.437, p = 0.008) and tertiary enroll-
ment is marginal (0.201, p = 0.078), with the re-
maining controls insignificant. Adding the GARI
overall score (Model 2) raises the fit to 59.6% (AR?
= 0.039); the coefficient is positive and significant
(0.451, SE 0.189, z = 2.39, p = 0.017), income re-
mains significant (10.520, p = 0.029), and regu-
latory quality is fully displaced. In standardized
terms, income remains the strongest predictor (3
= 0.441, p = 0.029) and AI readiness the second
largest and significant (p = 0.299, p = 0.017); the
remaining controls - tertiary enrollment (0.158),
domestic credit (0.141), internet use (-0.199), and
regulatory quality (0.079) - are individually insig-
nificant once income and Al readiness are pres-

Banks and Bank Systems, Volume 21, Issue 3, 2026

ent. Multicollinearity is not a concern - all vari-
ance-inflation factors are below 10 (maximum
6.26 for income; 2.28 for the GARI score); the
full correlation matrix is reported in Appendix C.
Conditional on development, then, more Al-ready
states exhibit deeper household digital-finance
adoption.

The cross-sectional evidence is associational rather
than causal, but it extends to the demand side the
evidence linking AI readiness to banking-sector
performance (Sitnicka et al., 2025) and is consis-
tent with the conditional, uneven view of AI and
FinTech effects (Siminica et al., 2025). Demand
and supply readiness appear distinct rather than
interchangeable — AI readiness alone does not
fully capture household adoption - which moti-
vates a two-sided index rather than a supply-only
ranking.

3.6. Financial-inclusion dynamics

The cross-section cannot establish whether this
association reflects a within-country dynamic.
Table 5 therefore estimates two-way (country and
wave) fixed-effects models of account ownership
across the five Findex waves, with standard er-
rors clustered by country (648 complete observa-
tions; nine singleton country effects are dropped,
leaving an estimation sample of 639 observations
across 142 countries with two or more waves; see
Table B1, Appendix B). Because the GARI score is
cross-sectional and time-invariant, the biennial
E-Government Development Index (EGDI) serves
as the time-varying proxy for state digital capacity;
the two supply measures are strongly convergent

Table 4. Cross-sectional determinants of demand-side digital maturity

Regressor M1 coef. (SE) M2 coef. (SE) M2 std. B VIF
_GARIoverall ). 0299% 228
6) 6.26
nternetuse . -0195(0176) | -0178(0177) . S
Tertiary enroliment 1 0201*(0114) 1 0131(0.118) . SN, .. S
Domestic credit 0.138(0.110) 0.099 (0.092) 0.141 1.42
Regulatoryquality  5660(4155) . 2823(4367) . 0079 178

Note: DV = demand sub-index. OLS with HC3-robust SE in parentheses. Standardized B and VIF are from Model 2; standard-
ized betas carry the same significance as the corresponding unstandardized coefficients (standardization only rescales the

variables). Significance: *** p < 0.01, ** p < 0.05, * p <0.10.
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Table 5. Panel fixed-effects estimates of account ownership

Regressor M1 (baseline) M2 (+ EGDI) : M3 (- internet)

Internetuse .. 0310%** . B2 N S-S
- 12.36 (8.45) 27.09%** (8.34)

_Moprie subscriptions . . 0.054 Included _Includ
Urban population n.s. Included Included
Regulatoryquality DS ...dncluded 1 ...Included
Countryfixed effects o Yes o Yes e
Wave fixed effects Yes Yes Yes
observanons(FEsample) S . S . . S . i

Note: DV = account ownership (% of adults). Two-way fixed effects (country, wave); SE clustered by country in parentheses.
The FE estimation sample is 639 observations (142 countries, 5 waves) after dropping nine singleton country effects from
648 complete cases. EGDI = E-Government Development Index (time-varying supply proxy). “Included” denotes a control
retained in the model whose coefficient is omitted here for brevity. Significance: *** p < 0.01, ** p < 0.05, * p < 0.10; n.s. =

not significant.

(Pearson r = 0.821, Spearman p = 0.823 against the
2024 GARI overall, N = 96), which validates the
substitution.

In the baseline (Model 1), internet penetration is
the dominant driver of account ownership (0.310, p
< 0.001), with income (9.484, p = 0.041) and mobile
subscriptions (0.054, p = 0.093) also contributing.
Adding EGDI (Model 2) leaves it insignificant (12.36,
SE 8.45, p = 0.146) while internet remains strong
(0.283, p = 0.001). When internet is removed (Model
3), however, EGDI turns large and significant (27.09,
SE 8.34, p = 0.001). The e-government coefficient is
insignificant alongside internet penetration yet large
and significant once internet is excluded. This pat-
tern is consistent with an infrastructure-mediated
channel. Within countries, the growth of account
ownership appears infrastructure-driven, with state
digital capacity operating upstream of the connec-
tivity that households use. Two caveats bound this
reading. First, it is suggestive channel evidence de-
rived from the behavior of coeflicients across speci-
fications, not a formal mediation test, because no
decomposition of direct and indirect effects is esti-
mated. Second, it concerns e-government capacity in
general rather than Al readiness specifically.

A final, Al-specific check asks whether more AI-
ready economies expanded inclusion faster over
time. Interacting the GARI score with a centered
wave trend on the GARI sub-sample (N = 423, 94
countries) yields a null effect on its own (GARI x
trend = —0.004, p = 0.90). Once a base-GDP x trend
term is added to absorb income convergence, the in-
teraction becomes positive and significant (GARI x
trend = 0.088, p = 0.041) alongside a strong conver-
gence effect (base GDP x trend = —2.442, p = 0.001).
Net of income convergence, Al-readier economies
digitalized financial access more rapidly — though
the sensitivity of this term to the convergence con-
trol means it is best read as suggestive rather than
decisive.

Read against the literature, the panel pattern is
consistent with state capacity working through
the digital infrastructure households use - ac-
celerating infrastructure rollout (Lyeonov et
al., 2025), with connectivity and mobile own-
ership as prerequisites for inclusion (Klapper
et al., 2025) - while the Al-specific signal,
the positive GARI x trend interaction net of
income convergence, remains tentative and
control-sensitive.

CONCLUSION

This study gauged how prepared national banking systems are — at the level of the country’s enabling
environment — for the shift from mobile applications to AI-driven, personalized services by join-
ing demand and supply in one composite. Using the World Bank Global Findex (2011-2024) and the
Government Al Readiness Index 2025 for 97 economies, the AI-Banking Readiness Index (ABRI) was
built by two-stage PCA and examined through clustering, a demand-supply matrix, and cross-section-
al and panel fixed-effects regressions.
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Four findings stand out. Demand and supply readiness are only moderately aligned (r = 0.655), and
adding the demand dimension reorders about a tenth of the Al-readiness ranking (p = 0.904 against
GARI), splitting economies into advanced adopters, nascent markets, and 28 one-sided leaders. Across
countries, Al readiness is positively associated with deeper household digital-finance adoption once in-
come is controlled (p = 0.451, p = 0.017; AR? = 3.9 pp). Within countries, the pattern is consistent with
e-government capacity supporting account ownership through digital infrastructure. The e-govern-
ment proxy is insignificant alongside internet penetration (12.36, p = 0.146) but large once it replaces it
(27.09, p = 0.001), a contrast read as suggestive channel evidence rather than a formal mediation result.
Azerbaijan typifies its region — an advanced adopter (ABRI 47.5, rank 31) whose supply (59.2) exceeds
demand (38.3), so its binding constraint is on the household side.

These results imply opposite priorities for the two faces of unreadiness. Where Al capacity outpaces
adoption - the supply-led group and supply-ahead cases such as Azerbaijan and Uzbekistan - the task
is to convert state capacity into everyday use via infrastructure: interoperable instant payments, digi-
tal-identity-linked accounts, merchant incentives, and literacy programs. Where adoption is high but
readiness lags, the reverse is needed - data-protection and AI-governance frameworks, supervisory ca-
pacity, and public-sector AI skills — so an engaged customer base can absorb Al-driven personalization
without amplifying exclusion or model risk.

More broadly, because demand and supply diverge for almost a third of countries, the ABRI gives regu-
lators, central banks, and development institutions a diagnostic for targeting the binding constraint
rather than treating readiness as one dimension; for Azerbaijan and its peers, closing the demand gap
would turn already-strong Al readiness into genuinely Al-enabled banking.
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APPENDIX A

Table Al. Variables, definitions, and sources

Variable Definition and units Source

Dependent variables

(Ao/zi)ults (15+) with an account at a financial institution or mobile-money provider Global Findex 2025

Account ownership

Demand sub-index PCA composite of the three demand indicators, rescaled 0-100 Authors’ computation

Demand-side indicators (Findex, 2024 wave)

Digitally enabled account : Adults with a digitally enabled account (share of adults) Global Findex 2025

Digital payment i Adults who made or received a digital payment (share)

Formal saving

; Global Findex 2025
i Adults who saved at a financial institution (share) Global Findex 2025

Supply-side measures

GARI overall Government Al Readiness overall score (0-100) Oxford Iznglzgshts GARI
GARI pillars (x6) i Policy Capacity; Al Infrastructure; Governance; Public Sector Adoption; Oxford Insights GARI
P i Development & Diffusion; Resilience (0-100 each) : 2025
EGDI UN E-Government Development Index; time-varying panel supply proxy (0-1) UN E—gs:/\zr;ment
Controls
Log GDP per capita Natural log of GDP per capita, constant USS WDI
ernet use ITU /WDI
Mobile subscriptions ITU /WDI
Urban population WDI
WGl
WDI
Tertiary enrollment i Gross tertiary-education enrollment ratio (%) WDI

Note: WDI = World Development Indicators; WGI = Worldwide Governance Indicators; ITU = International Telecommunication
Union. Findex indicators are population shares; composite indices are author-computed (Section 2.3). The panel uses all five
Findex waves (2011-2024); the cross-section uses the 2024 wave matched to GARI 2025.

APPENDIX B. Analytical samples and economies
Table B1. Analytical samples by stage of the analysis

Panel A. Analytical samples overview

. . . . Relation to the ABRI
Analytical stage : Data requirements : Countries i Observations elation to the
; : : sample (N = 97)

ABRI construction and typology : Intersection of the 2024 Findex :

) i digital-finance indicators and ! 97 97
(Sections 3.1-3.4) ' the 2025 GAR : :

i Reference sample

{ ABRI sample with complete : 9 : 9
. WDI/WG controls S O B
%Account ownership (Findex :

{ waves 2011-2024), EGDI, WDI/

Cross-sectional regressions
(Section 3.5)

Subset: four economies
lost to missing controls
i Nests 91 of the 97

i economies; adds

Panel fixed effects (Section 3.6)

{ WGI controls; > 2 complete 639 {51 economies with
e L aVES B i incomplete ABRIinputs
GARI x trend specification i Panel sample restricted to GARI 423 i Panel subsample of GARI-
(Section 3.6) i coverage : i covered economies

Note: The six ABRI economies absent from the fixed-effects panel (observed in fewer than two complete Findex waves) are
Belize, Libya, Mongolia, Namibia, Venezuela, and West Bank and Gaza. See Section 2.1.
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Panel B. Economies in the ABRI sample (N = 97)

The table lists the 97 economies in the ABRI sample, with their World Bank income group, integral
ABRI score, ABRI rank, k-means cluster, and strategic-matrix quadrant. Economies are ordered by
ABRI rank.

Table B2. Economies in the ABRI sample (N = 97): income group, ABRI score, rank, cluster, and quadrant

Rank 1SO3 Economy Income group ABRI Cluster Quadrant
1 i CHN China Upper middle income 100.0 Advanced Integrated leaders
Poland High income 84.6 Advanced Integrated leaders
Saud:i:Arabia High incorﬁé: 81.5 Advanced Integrat}ed leaders
Brazil Upper middle income 78.8 Advanced Integrated leaders
Thailand Upper middle income 77.4 Advanced Integrated leaders
Me{li&j}ysia Upper middle ir:ié:c:)me 75.5 Advanced Integrat::ed leaders
Bulgaria Upper middle income 72.8 Advanced Integrated leaders
kaaine Lower middle income 71.1 Advanced Integrated leaders
Croatia High income 68.7 Advanced Integrated leaders
Serbia Upper middle income 67.7 Advanced Integrated leaders
Vie:‘:c::Nam Lower middle iri]jéi(j)me 67.4 Advanced Integrat::ed leaders
Kazakhstan Upper middle income 65.7 Advanced Integrated leaders
Argentina Upper middle income 64.6 Advanced Integrated leaders
Tuﬁ(iye Upper middle |ncome 63.8 Advanced Integrat::ed leaders
Romania High income 63.2 Advanced Integrated leaders
India Lower middle income 61.3 Advanced Integrated leaders
Mongolia Lower middle income 61.1 Advanced Demand-led
South Africa Upper middle income 60.9 Advanced Integrated leaders
I\/Ia:L:J::riﬁus Upper middle mcome 59.2 Advanced Integrat::ed leaders
Oman High income 56.5 Advanced Integrated leaders
Kenya Lower middle income 56.3 Advanced Integrated leaders
Cos:t:z:a Rica Upper middle mcome 55.4 Advanced Integrat::ed leaders
Iran, Islamic Rep. Lower middle income 53.2 Advanced Integrated leaders
North Macedonia Upper middle income 51.8 Advanced Demand-led
Indonesia Lower middle income 51.8 Advanced Integrated leaders
Nigeria Lower middle income 51.3 Advanced Integrated leaders
Peru Upper middle income 51.0 Advanced Integrated leaders
Ghana Lower middle income 48.4 Advanced Integrated leaders
Uzbekistan Lower middle income 48.0 Advanced Integrated leaders
Ecg:ador Upper middle mcome 47.7 Advanced Integrat::ed leaders
Azerbaijan Upper middle income 47.5 Advanced Integrated leaders
Colombia Upper middle income 47.3 Advanced Integrated leaders
Namibia Upper middle income 46.8 Advanced Demand-led
Georgia Upper middle income 45.4 Advanced Integrated leaders
Montenegro Upper middle income 45.3 Advanced Demand-led
Philippines Lower middle income 44.8 Advanced Supply-led
Egypt, Arab Rep. Lower middle income 44.3 Advanced Supply-led
Sri Lanka Lower middle income 43.0 Advanced Integrated leaders
Moldova Upper middle income 42.6 Advanced Supply-led
Senegal Lower middle income 42.0 Advanced Integrated leaders
Dominican Republic Upper middle income 42.0 Advanced Integrated leaders
Jordan Upper middle income 41.9 Advanced Supply-led
43 VEN Venezuela, RB Upper middle income 40.1 Nascent Demand-led
44 BIH Bosnia and Herzegovina Upper middle income 39.7 Nascent Demand-led
A5 MEX Mexico Upper middle income 39.6 Nascent Supply-led
46 PAN Panama High income 39.2 Nascent Demand-led
47 ¢ ZMB Zambia Low income 38.0 Nascent Integrated leaders
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Table B2 (cont.). Economies in the ABRI sample (N = 97): income group, ABRI score, rank, cluster,

and quadrant

Rank 1SO3 Economy Income group ABRI Cluster Quadrant
48 i KGZ Kyrgyz Republic Lower middle income 35.7 Nascent Demand-led
Arrﬁenia 34,5 Nascent Deménd-led
Botswana 34.3 Nascent Demand-led
Albania 32.8 Nascent Supply-led
Cote::z:j:’lvoire 324 Nascent Supbly-led
Paraguay 32.2 Nascent Demand-led
B::e:iize 31.7 Nascent Deménd-led
Tunisia 31.7 Nascent Supply-led
Ethiopia 30.6 Nascent Supply-led
Ug::é:nda 30.5 Nascent Deménd-led
Tanzania 29.9 Nascent Nascent
Algeria 29.7 Nascent Supply-led
60 BGD Bangladesh 29.2 Nascent Supply-led
N'gpal 28.7 Nascent Nascent
Pakistan 28.6 Nascent Supply-led
Benin 28.4 Nascent Supply-led
64 MAR Morocco 27.7 Nascent Supply-led
Te s Esaar
Cameroon 27.4 Nascent Nascent
Eswatini 26.9 Nascent Demand-led
Tg‘go 26.9 Nascent Naﬂscent
Gg'bon 24.3 Nascent Nascent
..... 70 i KHM Cambodia 24.2 Nascent Nascent
Bg'l‘ivia 23.7 Nascent Nascent
Lesotho 23.7 Nascent Nascent
L:i:b:ya 23.2 Nascent Na::scent
..... 74 ¢ LAO Lao PDR 22.8 Nascent Nascent
75 PSE West Bank and Gaza Lower middle income 21.3 Nascent Nascent
Zimbabwe Lower middle income 20.1 Nascent Nascent
Tajikistan Lower middle income 19.8 Nascent Nascent
Burkina Faso Low income 19.3 Nascent Nascent
Iraq Upper middle income 18.1 Nascent Nascent
Moza‘mbique Low income 16.4 Nascent Nascent
Gamp@a, The Low incomgm 16.3 Nascent Naﬂscent
Guatemala Upper middle income 15.9 Nascent Nascent
Mauritania Lower middle income 15.8 Nascent Nascent
M'z‘a'!awi Low income 15.8 Nascent Nascent
l\‘/'l‘ali Low income 15.7 Nascent Nascent
Lebanon Lower middle income 15.6 Nascent Nascent
Congo, Pem. Rep. Low incomﬂe;m 14.6 Nascent Naﬂscent
Honduras Lower middle income 14.0 Nascent Nascent
Comoros Lower middle income 12.2 Nascent Nascent
90 CcoG Congo, Rep. Lower middle income 11.1 Nascent Nascent
91 SLE Sierra Leone Low income 9.1 Nascent Nascent
Nicaragua Lower middle income 7.6 Nascent Nascent
Guinea Low income 7.4 Nascent Nascent
Liberia Low income 6.7 Nascent Nascent
Chad Low income 6.0 Nascent Nascent
9% i MDG I\/Iadg'gascar Low income 5.4 Nascent Nascent
97 ¢ NER Niger Low income 0.0 Nascent Nascent

Note: ABRI is the integral Al-Banking Readiness Index (0—-100). Cluster: “Advanced” = advanced adopters, “Nascent” = nascent
markets (k-means, k = 2). Quadrant from the median split of the demand and supply sub-indices: Integrated leaders (high—
high), Demand-led (high demand, low supply), Supply-led (low demand, high supply), Nascent (low—low). Income groups
follow the World Bank classification.
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APPENDIX C. Correlation matrices
Panel A. ABRI input indicators (N = 97)

Pairwise Pearson correlations among the three demand indicators and the six GARI pillars that enter
the composite. Variables are numbered in the first column; columns are identified by the same numbers.

Table C1. Pairwise Pearson correlations among the ABRI input indicators (N = 97)

Indicator Sl @ @) @ o6 . M 8 (9
L Digitally enabled account  + 100 1 1
A AL RSO MR SO N R S SN S SN S
0.57 0.72 1.00
Coas T oas T oas g e

69
079 ..
0.64

29 64
: i 038 093 1057 082
9. Resilience . 035 . 045 . 045 070

00
065  1.00

0.65 0.53

Note: Lower triangle shown; diagonal = 1.00 (shaded). (1) digitally enabled account; (2) digital payment; (3) formal saving;
(4) Policy Capacity; (5) Al Infrastructure; (6) Governance; (7) Public Sector Adoption; (8) Development and Diffusion; (9) Re-
silience.

Panel B. Cross-sectional regression variables (N = 93)

Pairwise Pearson correlations among the dependent variable and the regressors used in the cross-sec-
tional models (Section 3.5), on the complete-case sample. This panel complements the variance-infla-
tion factors reported with those models.

Table C2. Pairwise Pearson correlations among the cross-sectional regression variables (N = 93)

Variable Ot O N - T N - I e - O e - I e (- I e ¢
1. Demand sub-index ' R 5 5 5 —_—
2. GARloverall 1.00 S RN A S S
3. Log GDP per capita 0.67 1.00
inernetuse oe " oms T ioo

egulatory quality 5 0.59 060 050 1.00 o
6. Domestic credit : 0.44 0.45 0.41 0.48 0.35 1.00
7. Tertiary enrollment © 062 . 063 : 079 . 079 . 045 . 033 : 100

Note: Lower triangle shown; diagonal = 1.00 (shaded). (1) demand sub-index; (2) GARI overall; (3) log GDP per capita; (4) inter-
net use; (5) regulatory quality; (6) domestic credit; (7) tertiary enrollment. All variables as defined in Appendix A.

APPENDIX D. Robustness of the ABRI ranking

The ABRI ranking is stable to the main construction choices. Each check below compares the country
ranking under an alternative specification with the baseline ABRI ranking on the full sample (N = 97);
the entry is the Spearman rank correlation with the baseline.

Table D1. Robustness of the ABRI ranking to alternative construction choices (Spearman p with the
baseline ranking, N = 97)

Check Specification ' Spearman p
R1. Aggregation : Equal-weight average of the two sub-indices vs. the PCA-weighted integral index : 1.000
R2Ind|cator su:b::s::t:':itution ::'I:':Hlj'éé—indicator demand block replacé:cii:t:)&:account ownershlp (a single Findé%:i:ﬁ:{j:icator) 0.975
R3. Leave-one-pillar-out i  Each GARI pillar dropped in turn; supply sub-index re-estimated on the remaining five ~ : 0.996-0.997

Note: Spearman rank correlations with the baseline ABRI ranking (N = 97). The integral index is built by two-stage PCA; “equal-
weight” averages the two 0-100 sub-indices. R3 spans the six leave-one-out variants (minimum p = 0.996, dropping Public
Sector Adoption). In R2, using the digital-account indicator instead of broad account ownership yields p = 0.931. The rankings
are essentially preserved, confirming the index is not an artifact of the aggregation method or of any single component.
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