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Abstract. The purpose of this study was to systematically investigate the scale, drivers, and economic implications
of Shadow AI in Georgia’s public sector, and to propose evidence-informed policy interventions for enhancing Al
readiness, workforce productivity, and fiscal risk mitigation. Although over 70% of public servants globally use
AT tools, systematic empirical research on unauthorised “Shadow AI” in Georgia is lacking. To address this gap,
a convergent mixed-methods design was employed, including a survey of 322 public servants, 15 semi-structured
interviews, a three-round Delphi panel with 12 experts, a Ministry of Internal Affairs case study, and systematic
document analysis. Quantitative survey data, qualitative interviews, and Delphi panel inputs were integrated to
achieve methodological triangulation. Findings showed that 52.8% of public servants use Al tools (17.4% daily), while
42.9% engage in Shadow Al Institutional readiness is limited: only 14.3% have a formal Al policy, 61.5% received
no Al training, and 54% enter sensitive data into AI platforms. Thematic analysis identified five patterns: Silent
Innovation, Double Standard, Training Desert, Data Fear, and Lack of Trust. Logistic regression shows that perceived
productivity gains (OR =2.34, p <.01) and absence of formal policy (OR=3.12, p <.001) are significantly associated
with Shadow AT adoption. These findings suggested coexisting productivity gains and unmitigated institutional risks,
including inefficiencies from unmanaged Al use, uneven human capital development, and fiscal exposure from data
breaches or algorithmic errors. The study suggested a contextual adaptation of the Unified Theory of Acceptance and
Use of Technology (UTAUT), providing evidence that in transition economies perceived usefulness may outweigh
absent facilitating conditions. For policymakers and public administrators, the research proposes four actionable
interventions: mandatory Al literacy programs, a regulatory sandbox for controlled experimentation, Al Champions
networks for peer support, and revised performance evaluation systems. These recommendations are designed to
enhance economic efficiency, mitigate fiscal risks, and promote responsible governance in Georgia and comparable
post-Soviet transition economies
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Introduction

Al is increasingly transforming public sector operations
worldwide, reshaping workforce productivity, administra-
tive efficiency, and service delivery models. While global
adoption of Al tools among public servants is accelerating,
institutional readiness for their effective governance remains
uneven, particularly in transition economies. This growing
gap between individual-level adoption and organisation-
al capacity raises important concerns regarding economic
efficiency, fiscal risk, and administrative accountability.

Existing evidence suggests that Al use in the public
sector is already widespread, with over 70% of public serv-
ants globally reporting engagement with Al tools in their
daily work, according to Mission Square Research Insti-
tute (2025). However, institutional readiness remains lim-
ited, as many governments lack the capacity to effectively
regulate and integrate these technologies (Barcelona Pro-
vincial Council, 2025). In Georgia, this challenge is par-
ticularly pronounced. Although AI diffusion has reached
18.2% of the workforce in 2025 (Microsoft, 2025), the
country still ranks 87" in the Government AI Readiness
Index (Oxford Insights, 2025), indicating a structural im-
balance between technological adoption and institutional
preparedness. This divergence may result in inefficiencies,
uneven human capital development, and fiscal risks asso-
ciated with unmanaged Al use. Institutional assessments
confirm these limitations. IDFI (2021) indicated that for-
mal AT governance frameworks in Georgia remain under-
developed, with limited regulatory definitions and weak
oversight mechanisms. Although Georgia has engaged
with international governance initiatives, including the
Council of Europe’s AI Convention, implementation gaps
remain significant (IDFI, 2024a).

At the workforce level, capacity constraints are also
evident. A large proportion of public servants have not re-
ceived formal Al-related training, and only a small share
operates within institutions that have established AI gov-
ernance policies, as was noted by E. Tskhvariashvili (2025).
This increases the likelihood of informal or unregulated AI
use in public administration. Importantly, discrepancies
between official data and actual practice have been identi-
fied by national oversight institutions. The Public Defender
of Georgia (2025) reported significant gaps between offi-
cially reported AT usage and actual practices within public
institutions, suggesting that the true scale of Al adoption
may be underestimated in formal statistics.

A growing concern in this context is the phenom-
enon of “Shadow AI”, defined by R. Farrell (2025) as the
unsanctioned or unregulated use of Al tools within organ-
isational settings. While this phenomenon has been wide-
ly discussed in advanced economies, empirical evidence
from transition contexts, such as Georgia, remains limit-
ed. Shadow AI presents a dual dynamic, simultaneously
contributing to productivity gains while introducing risks
related to data security, accountability, and decision trans-
parency. The phenomenon of Shadow Al is not unique
to Georgia but reflects a broader regional challenge. A
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large-scale study in Latvia (N =1,557) revealed that more
than half of public sector employees express limited trust
in Al-generated information, with only seven participants
out of 1,557 fully trusting Al. Furthermore, G. Lama &
A. Lastovska (2025) found that employees who received
formal Al training rated their competence significantly
higher than those without training. Given these challenges,
there is a need to better understand how Al is adopted in
Georgia’s public sector, what competencies are required for
its responsible use, and how institutions should adapt to
emerging technological realities.

However, existing literature on Shadow AI presents
two unresolved debates. First, while some studies such as
J. Waters-Lynch et al. (2024) emphasise organisational con-
trol and formal governance as necessary responses, others,
such as R. Farrell (2025), suggest that informal adoption
may drive innovation that formal channels suppress. Sec-
ond, evidence from advanced economies dominates the
field, with limited attention to how weak institutional en-
vironments — characterised by absent policies, fragmented
governance, and low Al literacy - shape Shadow AI dynam-
ics. This study engages with both debates by examining a
transition economy context where institutional constraints
may paradoxically accelerate informal adoption while
magnifying associated risks. The purpose of this study was
to systematically investigate the scale, drivers, and econom-
ic implications of Shadow Al in Georgia’s public sector, and
to propose evidence-informed policy interventions for en-
hancing Al readiness, workforce productivity, and fiscal
risk mitigation. Accordingly, this study addressed the fol-
lowing research questions: what is the scale of Al diffusion
in Georgia’s public sector, and how can Shadow Al be em-
pirically conceptualised; what competencies are required
for the effective and responsible use of AI among public
servants; how do institutional factors influence patterns of
AT adoption and governance in the public sector and what
policy measures could enhance Al readiness and economic
efficiency in Georgia’s public administration.

Materials and Methods

This study adopted a convergent parallel mixed-meth-
ods design, following the methodological frameworks
proposed by J.W. Creswell (2014) and A. Bryman (2016).
Quantitative survey data, qualitative interview data, and
Delphi panel inputs were integrated to achieve methodo-
logical triangulation across multiple sources of evidence.
The research design was structured to address four inter-
related research questions concerning the scale of Al dif-
fusion, the prevalence of Shadow Al, workforce competen-
cies, administrative adaptation, and policy instruments in
Georgia’s public sector.

A survey of 322 public servants was conducted between
September and November 2025 using a stratified random
sampling approach. The sampling frame encompassed all
public institutions in Georgia, with an estimated total pub-
lic sector workforce of approximately 32,000 employees.
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Stratification was based on three dimensions: institution
type (central government ministries, local government mu-
nicipalities, and independent agencies), geographic loca-
tion (Tbilisi metropolitan area, regional centres, and rural
areas), and hierarchical level (senior management, middle
management, and frontline staft). The sample composition
was compared against available population parameters,
showing reasonable alignment on institutional type but
overrepresentation of Tbilisi-based respondents relative to
regional distribution. Consequently, findings are best inter-
preted as indicative rather than statistically representative
of the entire public sector workforce.

The survey instrument consisted of 25 items meas-
ured on five-point Likert scales (1 = strongly disagree to
5 = strongly agree), covering five domains: demographic
characteristics; frequency and purposes of Al use; training
experiences and needs; institutional readiness and policy
environment; and Shadow AI behaviours alongside risk
awareness. Pilot testing with 20 public servants yielded a
Cronbach’s alpha coefficient of a=0.87, indicating a high
level of internal consistency across the instrument. Data

were collected using Google Forms, achieving an overall
response rate of 65.8% following three follow-up remind-
ers. A brief non-response bias check compared early versus
late respondents across key demographic variables (institu-
tion type, geographic location); no statistically significant
differences were detected (p > 0.10 for all comparisons),
suggesting that non-response does not substantially distort
the findings. All surveys and parts of research, involving
people, were conducted in accordance with ethical research
principles, including voluntary participation, informed
consent, confidentiality, and anonymity of respondents,
in line with the principles of the Declaration of Helsinki
(World Medical Association, 1964).

Statistical analysis was conducted using SPSS version
28. The analytical strategy included descriptive statistics,
independent-samples t-tests, one-way analysis of variance
(ANOVA), chi-square tests of independence, Pearson cor-
relation analysis, and binary logistic regression, following
established guidelines (Field, 2018). Table 1 presents the
theoretical framework linking each research question to its
corresponding conceptual foundation.

Table 1. Theoretical framework correspondence to research questions

Research Question Theoretical Component

1. Scale of Al diffusion and Shadow Al

Shadow IT/Al (Waters-Lynch et al., 2024; Farrell, 2025)

2. New skills and competencies

TAM/UTAUT (Davis, 1989; Venkatesh et al., 2003; OECD, 2026)

3. Adaptation of administrative system Diffusion of Innovations (Rogers, 2003); Digital Era Governance (Dunleavy et al., 2006)

4. Policy instruments for Georgia

Digital Era Governance +EU Al Act (IDFI, 2024a); Council of Europe Convention

(IDFI, 2024b)

Note: the table presents the conceptual linkage between the study’s research questions and the theoretical frameworks
applied. Shadow Al is interpreted as an extension of Shadow IT literature; TAM/UTAUT explain technology adoption
behaviour; Digital Era Governance and Diffusion of Innovations inform institutional adaptation; and policy instruments

are derived from European regulatory frameworks and governance models

Source: compiled by author

Fifteen semi-structured interviews were conducted
online via Zoom, each lasting between 45 and 90 min-
utes. Participants were selected through purposive sam-
pling to ensure diversity of perspectives and included
agency heads (n = 3), information technology managers
(n=4), human resource specialists (n=3), and frontline
Al users (n=5). The interview protocol covered five the-
matic areas: current Al use practices and tools; perceived
benefits and risks; training experiences and needs; per-
spectives on governance and policy requirements; and
barriers to responsible Al use. Data saturation was sys-
tematically assessed and reached after the twelfth inter-
view, with no substantially new themes emerging in the
remaining three interviews. Transcripts were analysed
using thematic analysis in accordance with V. Braun &
V. Clarke’s (2006) six-phase framework, resulting in the
identification of five principal themes: Silent Innova-
tion, Double Standard, Training Desert, Data Fear, and
Lack of Trust.

A three-round Delphi panel involving 12 experts was
conducted to validate empirical findings and to develop
consensus-based policy recommendations. Experts were
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selected based on predefined inclusion criteria: a minimum
of five years of professional experience in public adminis-
tration (n=6), academic expertise in Al ethics or digital
governance (n=4), or experience in public sector training
and capacity development (n=2). In the first round, partic-
ipants were presented with preliminary findings and asked
to evaluate their significance on a five-point scale. The sec-
ond round provided anonymised feedback and invited par-
ticipants to revise their assessments. The third round aimed
to achieve consensus, which was defined a priori as at least
70% of experts assigning a rating of 4 or 5 on the five-point
importance scale.

A case study of Georgia’s Ministry of Internal Affairs
examined an Al-based automated document processing
system in operation since 2023. The analysis focused on
compliance with relevant international frameworks, in-
cluding the EU AI Act (IDFI, 2024a) and the Council of
Europe Framework Convention on Artificial Intelligence
(IDFI, 2024c). Key dimensions of assessment included: the
presence of risk assessment procedures; transparency and
disclosure mechanisms; audit trail requirements; and the
existence of human oversight.
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Systematic document analysis complemented the
primary data collection. Sources included reports and
policy documents from IDFI (2021), the Government of
Georgia (2024), Microsoft (2025), Oxford Insights (2025),
E. Tskhvariashvili (2025), the European Commis-
sion (2025), the Public Defender of Georgia (2025) and
relevant institutional policies where available. The study
received ethical approval from the Research Ethics Com-
mittee of Shota Rustaveli State University of Batumi. All
participants provided informed consent and were assured
of anonymity and confidentiality. Participation was volun-
tary, and respondents retained the right to withdraw at any
stage without penalty.

Several limitations should be acknowledged when
interpreting the findings. First, the sample (N =322) rep-
resents approximately 1% of the total public sector work-
force in Georgia, which limits the statistical generalisabil-
ity of quantitative results. The findings are therefore best
understood as indicative rather than definitively repre-
sentative. Nevertheless, the stratified sampling design -
based on institution type, geographic location, and hi-
erarchical level - enhances representativeness within the
constraints of a single-country study, and methodological
triangulation strengthens the robustness of qualitative
insights. Second, the cross-sectional design captures data

at a single point in time; longitudinal research would be
required to assess temporal dynamics in Al adoption and
any causal relationships. Third, self-reported data may
be subject to response bias, particularly in relation to
unauthorised Al use, where underreporting is possible.
Fourth, the size of the Delphi panel (n =12), while con-
sistent with established methodological practice, remains
relatively limited, and the ROI estimates derived from it
should be treated as expert-informed illustrations rather
than precise economic forecasts.

Results and Discussion

The survey results indicate that 52.8% of Georgian pub-
lic servants use AI tools, with ChatGPT, Microsoft Copi-
lot, and Google Gemini identified as the most frequently
used platforms. Among these users, 17.4% report daily use,
35.4% weekly use, and the remainder report monthly or
occasional use. Document summarisation represents the
most common application (78.2%), followed by email and
report drafting (65.9%), data analysis (41.2%), and idea or
budget generation (35.3%). These usage patterns are broad-
ly consistent with international evidence reported by the
Mission Square Research Institute (2025) and the Barcelo-
na Provincial Council (2025). Table 2 summarises the prin-
cipal indicators of Al use and associated risks.

Table 2. Main indicators of Al use and associated risks

Aspect Data (%) Theoretical interpretation Main risk
Scale of Al use 52.8 TAM - perceived usefulness -
Shadow Al 42.9 Shadow Al (Farrell, 2025) Data leakage; reduced accountability
Daily Al use 17.4 UTAUT - performance expectancy -
Document summarisation (users) 78.2 TAM - perceived ease of use Hallucinations (67% do not verify outputs)
Email/report writing 65.9 UTAUT - social influence Personal data exposure (54%)
Data analysis 41.2 Lack of facilitating conditions Analytical inaccuracies (38% report low trust)
Idea/budget generation 35.3 lefusgzcl)?fagggt\ggons - Informal use practices
Written Al policy 14.3 Absence of facilitating conditions Governance gap
No Al training 61.5 OECD (2026) - skills barrier Inconsistent and potentially unsafe use

Note: TAM = Technology Acceptance Model; Percentages are based on the survey sample (N = 322). Risk indicators
reflect self-reported behaviours (e.g., lack of verification of Al outputs, input of personal data, and low trust in analytical
accuracy) and are interpreted in relation to existing theoretical frameworks on technology adoption and governance.
“Absence of facilitating conditions” refers to the lack of organisational support structures such as formal policies, training,

and oversight mechanisms
Source: calculated by author based on survey data

The predominance of document summarisation and
report drafting suggests that Al is primarily used for rou-
tine information-processing tasks that traditionally require
substantial time investment. Interview data indicate that
users may save approximately 2-3 hours per day through
these applications. Economic productivity estimation:
sensitivity and scenario analysis. Based on a conservative
baseline estimate, in which 52.8% of public servants save
an average of 1.5 hours per day, the aggregate productivity
gain is estimated at approximately 25,000-30,000 labour
hours per day across the public sector. Assuming an aver-
age public sector wage of approximately GEL 15 per hour

Scientific Bulletin of Mukachevo State University. Series "Economics”, 13(2)

(=USD 5.50) (Geostat, 2025), this corresponds to an es-
timated daily productivity value of GEL 375,000-450,000
(=USD 135,000-165,000), or approximately GEL 100-120
million annually (=USD 36-44 million). To address the in-
herent uncertainty in these estimates, a scenario analysis
was conducted using three variants (Table 3). The pessi-
mistic scenario assumes that self-reported time savings
are overestimated by 50% due to social desirability bias.
The optimistic scenario assumes that underreporting of
AT use (qualitative evidence suggested reluctance to dis-
close) means actual savings are 50% higher. The baseline
scenario represents the direct calculation from survey
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data. Across all three scenarios, even the pessimistic es-
timate suggests substantial productivity gains (GEL 50-60
million annually), while the optimistic estimate reaches

GEL 150-180 million. This range (GEL 50-180 million)
should be understood as the plausible interval rather than
a precise point estimate.

Table 3. Sensitivity analysis of estimated annual productivity gains

Scenario

Assumption (hours saved per user)

Annual productivity value (GEL million)

Pessimistic (lower bound) 0.75 (50% of baseline) 50-60
Baseline (central estimate) 1.5 100-120
Optimistic (upper bound) 2.25 (150% of baseline) 150-180

Source: author’s calculations based on Table 2 indicators and Geostat (2025)

Uncertainty and methodological caveats. These es-
timates should be interpreted as illustrative and indica-
tive, not as precise fiscal accounts, for five reasons. First,
they rely on self-reported data, which may be subject to
recall bias and social desirability bias (particularly for
unauthorised Al use). Second, the assumption of GEL 15
per hour average wage is a simplification that does not
account for variation across job grades, institution types,
or geographic locations. Third, the estimate assumes that
saved hours translate directly into productive work - an
assumption that may not hold uniformly across all roles.
Fourth, the cross-sectional design captures a single point
in time; productivity effects may change as AI tools evolve.
Fifth, because much of this activity occurs outside formal
governance structures, these productivity gains are not
systematically captured, measured, or reinvested at the
institutional level.

This reliance on self-reported data reflects a deep-
er institutional reality documented by UNESCO (2026):
Georgia remains at a foundational governance stage with
no dedicated Al law, regulatory authority, or national strat-
egy. UNESCO identifies a “dual bottleneck” - institutional
constraints alongside technological gaps — which explains
why objective, system-level data on Al-driven productivity
do not yet exist. In the absence of centralised monitoring,
self-reported data constitute the only feasible source. Tri-
angulation with interviews and Delphi panel (a=0.87) par-
tially mitigates subjectivity. Moreover, because much of this
activity occurs outside formal governance structures, these
productivity gains are not systematically captured, meas-
ured, or reinvested at the institutional level.

When asked specifically about using AI without for-
mal authorisation or approval from information technol-
ogy departments, 42.9% of respondents answered affirm-
atively. This figure aligns closely with findings reported
by E. Tskhvariashvili (2025), providing cross-study val-
idation. Qualitative evidence suggests that actual levels
of unauthorised use may be higher, as several interview
participants (P7, P11, P13) indicated reluctance to dis-
close such practices in formal survey settings. From a risk
management perspective, this proportion corresponds to
approximately 13,700 public servants operating outside
formal governance frameworks.

Indicators of institutional readiness reveal substan-
tial limitations. Only 14.3% of respondents reported the
existence of a formal AI policy within their organisation,
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while 61.5% indicated that they had received no Al-related
training. Additionally, 54% of respondents acknowledged
entering personal or sensitive data (including citizen infor-
mation and internal documents) into AI platforms without
formal guidance or authorisation. These findings suggest
the presence of a governance and training gap with poten-
tial economic implications. Each instance of personal data
input into unregulated Al systems may represent a com-
pliance risk under emerging regulatory frameworks. While
enforcement mechanisms in Georgia are still evolving,
alignment with European regulatory standards implies po-
tential exposure to financial liabilities in the future. At the
same time, the absence of structured training indicates that
Al-related human capital is developing informally, without
standardisation or quality assurance mechanisms.

A binary logistic regression analysis was conducted to
examine factors associated with Shadow AI use (coded as
1 =yes, 0 =no). Independent variables included perceived
productivity gain, Al training (binary), presence of a writ-
ten policy (binary), and supervisor support. The results
indicate that perceived productivity gain (OR =2.34, 95%
CI [1.58, 3.47], p <.01) and absence of a written policy
(OR=3.12, 95% CI [1.95, 4.99], p <.001) are significantly
associated with Shadow AI adoption. In contrast, Al train-
ing (OR=0.89, p=.42) and supervisor support (OR=1.12,
p =.31) were not statistically significant. The model as a
whole was statistically significant (x*(4) = 38.47, p <.001),
with a Nagelkerke pseudo R* of 0.31 and an overall clas-
sification accuracy of 74.3%. These associations should be
interpreted as correlational rather than causal, given the
cross-sectional design.

Interpreting these regression findings, individual-lev-
el productivity incentives and the absence of formal in-
stitutional frameworks emerge as the primary factors
associated with Shadow AI use. This pattern suggests a
partial divergence from the Unified Theory of Accept-
ance and Use of Technology (UTAUT), which posits that
facilitating conditions — such as organisational support,
training, and infrastructure - directly influence technolo-
gy adoption (Venkatesh et al., 2003). While the absence of
a formal AT policy is significantly associated with Shadow
AT use (OR =3.12), variables such as training and super-
visor support were not statistically significant. This indi-
cates that in contexts characterised by weak institutional
frameworks, perceived usefulness — operationalised as
productivity gains (OR =2.34) - may play a dominant
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role in shaping user behaviour. Public servants appear to
adopt Al tools primarily based on their perceived efficien-
cy benefits, rather than organisational encouragement or
formal support structures.

This finding suggests a contextual adaptation of
UTAUT: in transition economy contexts, perceived use-
fulness may partially substitute for absent facilitating con-
ditions. However, this substitution is not neutral in its ef-
fects. It introduces a divergence between individual-level
incentives and organisational-level risk management. From
an economic perspective, this dynamic can be interpreted
through a principal-agent framework. Individual public
servants (agents) maximise private benefits (time savings),
while potential risks — such as data breaches or accounta-
bility failures — are externalised to the state (principal). This
creates a form of negative externality, whereby privately ra-
tional behaviour may lead to suboptimal outcomes at the
organisational or systemic level. Accordingly, technology
acceptance models applied to public sector contexts may
benefit from incorporating considerations of incentive
alignment, institutional constraints, and risk externalities.

Turning to the qualitative evidence, thematic analysis
of interview data identified five principal themes with dis-
tinct organisational and economic implications. The first
theme, Silent Innovation, reflects the widespread informal
use of Al tools without formal approval. Ten out of twelve
Al-using interviewees reported engaging in such practices.
One participant (P11) noted: “I use ChatGPT to summarise
all my reports... it saves me two to three hours a day. I am
hesitant to disclose this because there is no formal policy”
This pattern suggests that productivity gains are realised at
the individual level but are not systematically integrated
into organisational processes.

The second theme, Double Standard, captures ambi-
guity in managerial responses to Al use. Leaders neither
formally endorse nor explicitly prohibit Al adoption, re-
sulting in unclear accountability structures. This dynamic
may increase organisational exposure to risk while simul-
taneously allowing productivity gains to continue infor-
mally. The findings indicate a notable discrepancy between
managerial support (22.4%) and actual AI use (42.9%),
suggesting a gap between formal leadership positions and
employee practices. From a governance perspective, such
ambiguity may weaken accountability structures and limit
the effectiveness of risk management processes. Standard
frameworks, such as ISO 31000, emphasise the importance
of explicit risk identification, assessment, and acceptance.
In the absence of clear policy direction, risks may remain
unarticulated and unmanaged. This situation may also gen-
erate agency costs, including reduced monitoring capacity,
limited enforceability of standards, and potential misalign-
ment between organisational objectives and individual be-
haviour. In economic terms, the decentralised capture of
productivity benefits alongside the socialisation of risks
resembles a common-pool resource problem, where incen-
tives for individual optimisation may lead to collectively
suboptimal outcomes.
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The third theme, Training Desert, reflects the wide-
spread absence of formal training opportunities. The ma-
jority of respondents rely on self-directed learning, which
may lead to uneven skill development and inconsistent
application of Al tools. The coexistence of high AI usage
(52.8%) and limited training provision (61.5% without
training) indicates that informal learning mechanisms are
operating at scale. However, such learning processes are in-
herently uneven and may not align with best practices in
data protection, ethical use, or output validation. For ex-
ample, the finding that a substantial proportion of users do
not systematically verify Al-generated outputs highlights
potential risks associated with overreliance on automated
systems. This is consistent with international evidence on
AT hallucinations and user overconfidence (Hall, 2025).
From a human capital perspective, this situation can be in-
terpreted as a coordination problem in skills investment.
While individuals invest time in acquiring Al-related com-
petencies, the absence of institutional frameworks reduces
the overall efficiency and reliability of this investment. For-
mal training programmes could enhance the social return
on these skills by ensuring standardisation, risk awareness,
and knowledge diffusion across the workforce. Moreover,
the distributional dimension of this skills gap warrants at-
tention, as qualitative evidence suggests that access to in-
formal AI learning opportunities may vary across demo-
graphic and professional groups, potentially reinforcing
existing inequalities.

The “Training Desert” phenomenon identified in
Georgia is consistent with findings from Latvia, where a
survey of 1,557 public servants demonstrated that Al train-
ing significantly increases self-assessed AI competence.
Notably, more than half of Latvian respondents expressed
limited trust in AI-generated information, with only 0.45%
(seven participants) reporting complete trust in AI (Lama
& Lastovska, 2025). This corroborates current finding that
the absence of structured training (61.5% of Georgian re-
spondents) may directly contribute to both low competence
and low trust, creating a barrier to responsible Al adoption.

The fourth theme, Data Fear, highlights awareness of
data protection risks among users, which does not nec-
essarily prevent AI use. Participants demonstrated par-
tial understanding of risks but often prioritised efficien-
cy under time constraints. The fifth theme, Lack of Trust,
emerged primarily among non-users, who expressed con-
cerns about the reliability and accuracy of AI outputs. This
scepticism may limit broader adoption and reduce poten-
tial productivity gains.

These concerns are not unique to Georgia. As T. Can-
tens (2025) argued, the distrust in generative AI within
public administrations stems from its limited explaina-
bility, which fundamentally restricts its appropriate use
in the public sector. The risks surrounding confidentiali-
ty, the marking of AI outputs, and the potential for errors
require both technical and cultural responses, pushing the
boundaries of our instrumental conceptions of machines.
Moreover, the transformative impact of GenAl on the

A\



The economic implications of shadow Al...

intellectual production of the state raises fears of the re-
placement, or rather “enslavement’, of civil servants to
machines. T. Cantens (2025) therefore advocated for the
development of critical thinking as a specific skill for civil
servants who must learn to think with an eclectic machine.

While the potential benefits of generative AI in the
public sector are widely recognised (Aryfiyanto & Alam-
syah, 2024), the case study of the Ministry of Internal Af-
fairs’ automated document processing system indicates
that the system operates without several key governance
mechanisms, including formalised risk assessment pro-
cedures, transparency disclosures, audit trails, and clearly
defined human oversight. Under the EU AI Act framework
(IDFI, 2024a), such systems would likely be classified as
high-risk and subject to specific regulatory requirements.
The absence of these mechanisms may increase operational
and compliance risks, although precise financial implica-
tions cannot be determined without further data.

A recent survey of 576 public managers across seven
EU countries found that the unregulated or ‘shadow’ use
of generative AI tools is widespread, particularly in con-
texts where formal governance mechanisms are still in their
early stages (Tangi et al., 2026). While earlier research has
developed taxonomies to understand the phenomenon of
Shadow IT (Kopper & Westner, 2016), shadow AI” acquires
particular importance in the context of public administra-
tion, as it is associated not only with technological but also
with institutional, ethical, and governance challenges (Silic
& Back, 2014). M. Silic et al. (2025) noted that the “genera-
tive, opaque, and autonomous” nature of generative Al has
turned Shadow Al into a “sociotechnical governance fail-
ure”. The authors emphasise that Al tools such as ChatGPT
and Microsoft Copilot are often used outside the bounda-
ries of organisational IT control, creating a so-called “gov-
ernance drift zone” - a situation where formal policies and
regulations exist nominally but do not function effectively
in practice.

The prevalence of Shadow Al, supported by both quan-
titative (42.9%) and qualitative evidence, suggests that it
should be understood not as isolated individual behaviour

but as a systemic organisational phenomenon. The iden-
tified themes — particularly Silent Innovation and Double
Standard - indicate the emergence of an informal equilibri-
um in which AT use is tacitly tolerated but not formally reg-
ulated. This configuration may generate several economic
implications. First, productivity gains remain decentralised
and difficult to scale. While individual users report time
savings, the absence of institutional coordination limits
the ability to replicate and standardise successful use cas-
es across agencies. Second, cumulative risk exposure may
increase over time. The widespread input of potentially
sensitive data into Al systems without formal safeguards
introduces compliance and operational risks. While pre-
cise financial implications remain uncertain, alignment
with international regulatory frameworks suggests the po-
tential for future fiscal exposure. Third, informal learning
pathways may lead to uneven human capital development.
Fourth, the absence of institutional mechanisms for knowl-
edge sharing may limit innovation spillovers.

The eight countries in Table 4 were selected to en-
sure representative geographic and institutional coverage
of the post-Soviet space while maintaining comparability
and avoiding excessive table size. Selection followed three
principles. First, one country was chosen from each ma-
jor post-Soviet subregion: the Baltics (Estonia), Eastern
Europe (Ukraine, Moldova, Belarus - capturing variation
in EU alignment), the South Caucasus (all three coun-
tries — Georgia, Azerbaijan, Armenia - included to enable
intra-regional comparison), and Central Asia (Kazakhstan
as the regional leader). Second, the selection spans the full
range of Al readiness from Estonia (rank 21) to Belarus
(rank 121), allowing systematic comparison of high, medi-
um, and low performers. Third, the inclusion of EU can-
didate states (Ukraine, Moldova) alongside non-candidate
states (Belarus, Azerbaijan) enables tentative observation of
whether European institutional alignment is associated with
higher AI governance capacity. All selected countries share
a common Soviet administrative legacy but have diverged
in their post-1991 governance reforms, digital transforma-
tion pathways, and international integration trajectories.

Table 4. Georgia in comparative perspective with post-Soviet states

Public Sector

Subregion Rank Strategy Capacity Infrastructure Governance Adoption
Estonia Baltics 21 54.29 90.00 99.63 46.01 64.38
Ukraine  Eastern Europe (EU candidate) 41 52.40 83.00 80.24 40.34 58.21
Moldova Eastern Europe (EU candidate) 71 61.50 56.67 82.33 22.40 61.06
Kazakhstan Central Asia 58 53.88 64.63 73.59 39.85 37.38
Azerbaijan South Caucasus 69 51.45 60.00 66.97 36.08 56.35
Georgia South Caucasus 87 49.35 74.17 47.44 27.24 34.63
Armenia South Caucasus 103 41.02 56.75 57.40 24.37 27.75
Belarus Eastern Europe (non-EU) 121 12.00 43.38 24.03 24.62 36.88

Source: Oxford Insights (2025), Government AI Readiness Index (2025)

The data reveal several important patterns. Estonia
(rank 21) leads the region across all pillars, particularly in
Infrastructure (99.63) and Capacity (90.00), reflecting its
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long-standing digital governance investments. This aligns
with the “Al Leap” initiative, which systematically builds
Al competencies across the workforce. Ukraine (rank 41)
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demonstrates remarkable resilience, with high Infrastruc-
ture (80.24) and Public Sector Adoption (58.21) scores
despite ongoing conflict. Ukraine’s Diia.AI platform - the
world’s first national AI assistant for government services —
validates this institutional capacity, processing over 200
public services with 70% of legal work handled by Al before
human review (Sampson, 2025).

Moldova (rank 71) presents an interesting case. De-
spite a relatively low Governance score (22.40) - similar
to Georgias Governance (27.24) - Moldova achieves a
much higher Public Sector Adoption score (61.06), sec-
ond only to Estonia in this comparison. This pattern sug-
gests that Moldova’s ongoing EU accession process and its
FAIMA AI Antenna initiative (providing access to EU su-
percomputing infrastructure) may be accelerating public
sector Al adoption even in the absence of strong domes-
tic governance frameworks. However, this interpretation
remains tentative given the cross-sectional nature of the
index data.

Kazakhstan (rank 58) and Azerbaijan (rank 69) show
moderate performance, with Azerbaijan outperform-
ing Georgia notably in Public Sector Adoption (56.35 vs
34.63). This suggests that despite similar regional con-
straints, Azerbaijan may have achieved greater diffusion of
AT tools across its public workforce, though causal mech-
anisms cannot be established from these data. Georgia
(rank 87) presents a distinctive profile. Its Infrastructure
score (74.17) is relatively strong - second only to Estonia
among the eight countries. However, Georgias Strategy
score (49.35) and Governance score (27.24) are among the
lowest in the comparison group. More strikingly, Georgia’s
Public Sector Adoption score (34.63) is the lowest among
all eight countries — even below Belarus (36.88) and Ar-
menia (27.75, which is lower but Armenia ranks 103 over-
all). This pattern independently corroborates the central
finding of current survey. The Oxford Insights data con-
firm that while Georgia has built reasonable digital infra-
structure (74.17), it lacks the strategic frameworks (49.35)
and governance mechanisms (27.24) to translate this in-
frastructure into actual public sector Al adoption (34.63).
This aligns with the “dual bottleneck” identified in current
qualitative analysis — the themes of Silent Innovation and
Double Standard emerge from weak governance, not from
technological gaps.

Belarus (rank 121) ranks lowest among the eight
countries, with very low Strategy (12.00) and Infrastruc-
ture (24.03). However, its Public Sector Adoption score
(36.88) slightly exceeds Georgia’s (34.63), suggesting that
even under autocratic governance and with minimal stra-
tegic frameworks, some degree of Al diffusion may oc-
cur - albeit likely in an unregulated “Shadow AI” pattern

similar to Georgia. Armenia (rank 103) ranks second low-
est overall but shows a more balanced profile, with Gov-
ernance (24.37) and Public Sector Adoption (27.75) more
closely aligned with its Strategy (41.02) than in Georgia’s
case. This suggests that Armenia’s lower overall ranking
reflects broader capacity constraints, whereas Georgia’s
underperformance is specifically concentrated in govern-
ance and adoption.

From a policy perspective, these findings suggest that
Georgia’s priority could be governance reform and stra-
tegic framework development, rather than additional in-
frastructure investment. Estonia’s example demonstrates
that high governance quality (46.01) - not just infrastruc-
ture — enables effective AI adoption. Conversely, Moldo-
va’s case suggests that EU integration and access to shared
Al infrastructure may accelerate adoption even when do-
mestic governance remains weak — a potential pathway for
Georgia to consider. Evidence from the Public Defender
of Georgia (2025) supports this interpretation, highlight-
ing discrepancies between officially reported and actual
AT use across public institutions. The finding that only a
small number of agencies formally acknowledge Al usage,
despite evidence of broader implementation, suggests the
presence of institutional blind spots in governance and
reporting mechanisms. From an economic perspective,
this configuration reflects a dual dynamic: the coexistence
of latent productivity gains and unmitigated institutional
risk exposure.

The findings highlight three interrelated areas requir-
ing policy attention. First, the development of Al-specific
competencies is essential. Transitioning from general digi-
tal literacy to Al literacy - including skills such as prompt
design, critical evaluation, and ethical awareness — may
enhance both productivity and risk mitigation. Second,
the establishment of formal governance frameworks is
necessary to reduce uncertainty and manage risks. This
includes the development of policies addressing data use,
accountability, transparency, and oversight mechanisms.
Third, leadership capacity could be strengthened to ensure
that AI adoption is aligned with organisational objectives.
This involves clarifying responsibilities, integrating Al into
performance management systems, and fostering a culture
of responsible innovation. Based on the empirical findings
and validated through the Delphi panel process, four inte-
grated policy recommendations are proposed. Each recom-
mendation is grounded in an economic rationale linking
the intervention to potential improvements in workforce
productivity, human capital development, and fiscal risk
mitigation (Table 5). These recommendations should be
understood as evidence-informed possibilities rather than
definitive policy prescriptions.

Table 5. Estimated potential economic impact of recommendations (expert-informed illustration)

Recommendation Estimated cost

Illustrative horizon

Estimated potential benefit

Mandatory Al literacy $50-100 per employee

~$500 per employee/year (based on Estonia)

6-12 months

Regulatory sandbox $50,000-100,000

Risk reduction; potential productivity gains

12-18 months
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Table 5, Continued

Illustrative horizon

Estimated cost
$500-1,000 per Champion

Recommendation

Al Champions network

Estimated potential benefit

Faster adoption; reduced errors ~6 months

Revised performance metrics Minimal

Potential productivity improvement (20-30%)

3-6 months

Note: estimates are based on Delphi panel consensus (n=12 experts) and economic productivity analysis. These figures are
expert-informed illustrations rather than precise empirical forecasts. The ROI estimates should be interpreted as indicative
ranges, not as guaranteed outcomes. Estonia’s Al literacy investment figures are drawn from M. Voog (2025)

Source: compiled by author

Recommendation 1. Mandatory Al literacy for all
public servants. Compulsory Al literacy training could
be introduced for all public servants within a 12-month
implementation horizon. The training curriculum could
include foundational AI concepts, prompt engineering,
critical evaluation of Al outputs, hallucination recognition,
data ethics, bias detection, security protocols, and relevant
legal frameworks, including the EU AI Act and the Council
of Europe Convention. A structured training programme
(estimated at 8-12 hours per employee) may contribute to
reducing error rates associated with unverified Al outputs,
improving data handling practices, and enhancing efhi-
ciency through more effective use of Al tools. Compara-
tive evidence from Estonia suggests that an investment of
approximately USD 50 per employee in training may be
associated with productivity gains of around USD 500 per
employee annually (Voog, 2025). However, these figures
are context-specific and may not be directly transferable to
the Georgian context.

Recommendation 2. Regulatory sandbox for con-
trolled experimentation. A regulatory sandbox for Al ex-
perimentation could be established to provide a controlled
and legally compliant environment for Al use within the
public sector. The sandbox framework should clearly define
categories of prohibited data and permitted data. With a
current Shadow Al prevalence of 42.9%, the introduction
of a sandbox mechanism may help formalise existing prac-
tices by offering a structured alternative to unauthorised
use. International experience, such as the Delaware Al
Sandbox initiative, suggests that sandbox approaches could
reduce informal AI usage while preserving productivity
benefits (State of Delaware News, 2025).

Recommendation 3. AI champions network for peer
support. A cross-agency Al Champions network could be
established to support the diffusion of AI capabilities and
promote responsible use practices. Champions would re-
ceive advanced training beyond foundational literacy and
act as internal facilitators. Each AI Champion (estimated
ratio: one per 50-100 employees) would require approxi-
mately 40 hours of advanced training (costing approxi-
mately $500-1,000 per Champion), while providing ongo-
ing support to a broader group of users at relatively low
marginal cost.

Recommendation 4. Revised performance metrics.
Existing performance evaluation systems could be up-
dated to reflect the realities of Al-enabled work environ-
ments. Revised metrics might include indicators such as Al
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literacy certification, demonstrated critical evaluation of AI
outputs, effective reallocation of time toward higher-value
activities, and adherence to ethical and data protection
standards. Aligning performance metrics with Al-enabled
workflows may help mitigate unintended disincentives
for adoption and encourage more efficient use of technol-
ogy. While Georgia currently experiences a “Shadow AI”
phenomenon characterised by unregulated individual
adoption, neighbouring Ukraine has pioneered a different
trajectory — the “agentic state”. Ukraine’s Diia.Al (n.d.), rec-
ognised as the world’s first national Al assistant for gov-
ernment services, serves 23 million citizens and processes
over 200 public services, with 70% of legal work within the
Ministry of Digital Transformation handled by AI before
human review (Sampson, 2025). This suggests that the evo-
lution from unmanaged Al use to institutionalised Al inte-
gration is possible, but would require strategic investment
in digital infrastructure and governance capacity — areas
where Georgias Government Al Readiness Index ranking
of 87" indicates considerable room for improvement.

The study contributes to the literature in three main
ways. Empirically, it provides one of the first systemat-
ic mixed-methods analyses of AI use and Shadow Al in
Georgias public sector. Theoretically, it suggests a con-
textual adaptation of the Unified Theory of Acceptance
and Use of Technology (UTAUT) by providing evidence
on how institutional readiness constraints shape technol-
ogy adoption in transition economies. Practically, it of-
fers evidence-informed policy recommendations aimed
at strengthening Al governance, workforce capacity, and
public sector efficiency.

Conclusions

This study provides the first systematic empirical evidence
on the use of artificial intelligence and the prevalence of
Shadow AI within a post-Soviet public sector. The findings
reveal that a majority of Georgian public servants use Al
tools, with approximately 40% engaging in unauthorised
use. A substantial majority lack formal training, and writ-
ten Al policies exist in only a small minority of organisa-
tions. Complementary evidence suggests that officially re-
ported Al usage substantially understates actual practice,
highlighting gaps in institutional visibility and governance.

Taken together, these results point to a structural im-
balance between rapid technological adoption and compar-
atively limited institutional readiness. From an economic
perspective, this imbalance may reduce the efficiency and
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sustainability of AI adoption in the public sector. The re-
gression analysis identifies perceived productivity gain and
absence of formal policy as factors significantly associat-
ed with Shadow AI use - both with odds ratios exceed-
ing two - suggesting that individual efficiency incentives
may outweigh institutional constraints in shaping behav-
iour. This finding suggests a contextual adaptation of the
UTAUT framework, indicating that perceived usefulness
may support technology adoption even when facilitating
conditions are weak. However, given the cross-section-
al design, these associations should not be interpreted as
causal.

The absence of structured training may limit the long-
term development of human capital and reduce the overall
efficiency of Al utilisation. At the same time, informal and
unregulated use practices may increase exposure to risks
associated with data handling, accountability, and deci-
sion-making processes. While the magnitude of potential
fiscal impacts remains uncertain, the findings indicate that
unmanaged Al adoption may limit productivity gains while
increasing operational and fiscal risks.

The findings provide new empirical grounding on
Shadow AI in transition economies, extend UTAUT for
contexts with limited institutional support, and offer ac-
tionable policy directions. Investing proactively in gov-
ernance, skills, and organisational systems may boost
productivity and reduce institutional vulnerabilities.
Georgia’s experience illustrates a broader dynamic rele-
vant to many transition economies: rapid technological
uptake can outpace institutional adaptation. Bridging this

gap is essential for sustainable and effective public sector
Al adoption.

Subsequent studies should prioritise four directions.
First, longitudinal research is needed to track Shadow Al
dynamics as institutional frameworks mature and to as-
sess whether formal policies are associated with reduced
unauthorised use over time. Second, comparative analyses
across post-Soviet transition economies would help assess
the generalisability of the proposed UTAUT adaptation.
Third, quantitative risk assessment models should be de-
veloped to estimate potential fiscal exposure from data
breaches, algorithmic errors, and non-compliance with
emerging regulatory frameworks such as the EU Al Act.
Fourth, experimental or quasi-experimental studies evalu-
ating the effectiveness of specific interventions - including
regulatory sandboxes, AI Champions networks, and man-
datory literacy programs - would provide more definitive
causal evidence to guide policy decisions. Future compar-
ative research should examine the applicability of the pro-
posed UTAUT adaptation in neighbouring transition econ-
omies, including Latvia.
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EkoHOMiYyHuUM BNNUB «TiHboBoro LI»
Ha KaApoBUM NMoTeHUian gep)xaBHOro ceKktopy Ipysii

Ipakni MauBenigse
JokTop ny6ai4Horo ynpasJiHHs, npogecop
LepxxaBHui yHiBepcuteT iMeHi LLloTa PycTaBesni B baTymi
6010, Byn. HiHowwBini, 35/32, M. batymi, [pysis
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AHoTauisi. MeTol0 1IIbOro ROCIKeHHS Oy/Io IIpoaHali3yBaTy €KOHOMIiuHMII BIUIMB IITy4HOro iHtenexry (III) Ha
pobouy cuty fep>kaBHOTo ceKTopy Ipysii, 30cepemkyounch Ha IpUPOCTi IPOJYKTUBHOCTI, PU3MKAX IJIA 3alHATOCTI
Ta IHCTUTYLiHIN aganTtanii. Xoya nonaz 70 % pep>kaBHUX cny>1<6OBuiB Y CBiTi BUKOPUCTOBYIOThH iHcTpyMeHTH IIII,
CHUCTEeMaTMYHi eMIipyyHi TOCTiI)KeHHSA HeCaHKI[iOHOBaHOrO BUKOpucTaHHA «riHboBoro II» (Shadow AI) y Ipysii
BificyTHi. /]I 3a1I0BHEHHA 1ji€l TPOTaIMHU 3aCTOCOBAHO KOHBEPTeHTHUI 3MilllaHWI AV3aliH JOCTiPKEHH A, AKNI BK/TI0Ya€e
OLUTYBaHHA 322 Iep>KaBHUX CIyXOOBLiB, 15 HamiBCTPYKTYpOBaHUX iHTEPB’I0, TPbOXPAyHNIOBY eKCIEPTHY IIaHeNlb
Delphi (12 excrnepTiB), kelic-crapi MiHicTepcTBa BHYTpIlIHIX CIIpaB Ta CUCTEeMAaTUYHUIT aHasIi3 HokyMeHTiB. KinbkicHi
IaHi omMTyBaHHS, AKicHI iHTepB’I0 Ta pesynbraty Delphi-naneni 6y inTerposani i 3ab6e3nedyeHHsA MeTOONOIIYHOT
TpUAHTY/IALI. PesynbraTi okasyoTs, 1o 52,8 % gepxKaBHUX CTy>XKOOBILiB BUKOPUCTOBYIOTH iHcTpyMeHTH 1T (17,4 % —
I[OfIEHHO), Tofi Ak 42,9 % 3anydeHi go npaktuk Shadow Al. PiBeHb iHCTUTYLINIHOI TOTOBHOCTI € OOMEXXeHMM: JIVIIIe
14,3 % ycraHoB MaloTb popManpHy nonituky mogo 11, 61,5 % He mpoxoaum >xogHoro HasyaHHA 3 1111, a 54 % BBOAATD
xoHOinenniiHi gani B Al-mnardopmu. TemaTnynmit aHa/i3 BUABUB IUATh KJIIOYOBMX IIaTEpPHiB: «MOBYa3Hi iHHOBaIii»,
«IIOABIVHI CTaHApTN», «HaBYaJIbHA IIYCTE/ISA», «CTPaX HaHUX» 1 «gediunt mosipu». JloricTuyHa perpecis mokasye, 1o
CHIPUITHATTA HifiBUIeHHA TpopykTuBHOCTI (OR=2.34, p<.01) Ta BigcytHicTh popmanproi momituky (OR=3.12,p<.001)
CYTTEBO IIOB’sA3aHi 3 BukopucTanHaAM Shadow Al OTpumaHi pesynbraTi cBifuaTh Ipo OfHOYACHE ICHYBaHHSA 3pOCTaHHA
IIPOJYKTUBHOCTI Ta HEeBPEryIbOBaHUX {HCTUTYLIIHUX PU3MKIB, BK/IIOYal0uy Hee(eKTUBHICTD Yepe3 HEKOHTPOIbOBaHe
Bukopycranus III, HepiBHOMipHUIT PO3BUTOK JIIOACHKOTO KamiTany Ta (icKajbHi py3MKIL, OB A3aHi 3 BUTOKaMU JaHNX
2060 aIropUTMIYHUMIY HOMIWIKaMUL. [JOCIiKeHHA IIPOIIOHYE KOHTeKCTYa/IbHY ailallTaliio YHi(pikoBaHoi Teopil HpUIHATTA
i Buxopucrannsa texuonoriit (UTAUT), geMoHCTpyo4y, 10 B IepeXifHNX eKOHOMIKaX CIPUITHATA KOPUCHICTD MOXe
IepeBaXkKaTyl BiICYTHICTh cOpUATIVBUX yMOB. I/ momiTyukiB i nmy6mivyHMX afMiHiCTpaTOpiB 3allpOIIOHOBAHO YOTHUPU
IIpaKTU4Hi iHTepBeHIii: 000B’13k0Bi Iporpamu 3 Al-rpaMOTHOCTI, peryIATOpHa «IiCOYHUIA» IJI1 KOHTPOIbOBAHOTO
eKCIIepUMEHTYBaHHA, Mepexi Al-uyeMITiOHIB [11 B3a€MHOI IiITPUMKI Ta IeperIAf CUCTeM OLiHIOBaHHA e(eKTMBHOCT].
11i pekomeHpariii cipsiMOBaHi Ha Mif{BUIIEHHS eKOHOMIYHOI e(DeKTMBHOCTI, 3HVDKeHHsI (piCKaNMbHMX PUSUKIB T PO3BUTOK
BiJIIIOBia/IbHOTO YIpaBliHHA B [Pysii Ta aHA/IOriYHMX TOCTPa/IAHCHKUX MTEPEXiTHIX eKOHOMIKaxX

Kniovosi cnoea: undposa rpanchopmanis; reneparusuuii 11 iHcTUTYyNilIHA TOTOBHICTD; KOHDiTEeHIIHICTD JAHUXK;
mopenb UTAUT; apminicTpaTuBHa e(peKTUBHICTD; IepeXifHi eKoHOMikM
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