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ABSTRACT

This cross-sectional study examines the impact of artificial intelligence (Al) and predictive analytics on
insurance risk assessment across 10 countries: Ukraine, Kazakhstan, Bosnia and Herzegovina, Poland, Czech
Republic, Georgia, Serbia, Uzbekistan, Romania, and Turkey. Utilizing a mixed-methods approach,
including a survey of 320 experts and econometric modeling, the research evaluates how Al adoption,
predictive analytics usage, and digital infrastructure influence risk assessment accuracy. Results reveal
significant regional disparities, with high Al adoption and robust digital infrastructure (e.g., Poland, Turkey)
correlating with 74-78% error reduction, compared to 54-58% in lagging regions (e.g., Bosnia and
Herzegovina). Regression analysis highlights Al adoption’s positive impact (p = 9.2, p < 0.01), moderated
by digital infrastructure (B = 1.12, p < 0.01), while stringent regulations unexpectedly hindered progress (8
= -3.1, p < 0.05). Qualitative themes underscore algorithmic bias and infrastructure gaps as critical
challenges, particularly in data-scarce contexts. The study produces academic value through its extension of
TOE and Diffusion of Innovations frameworks to investigate neglected markets while selecting spatial and
infrastructural elements. The investigation provides applications for insurers which include infrastructure
capital commitments along with localized methods for reducing bias and increased employee qualifications.
Public-private partnerships and adaptive regulations should become policy priorities because they aid the
pursuit of balance between innovative progress and fairness in the digital insurance industry.

Keywords: Al adoption, Predictive analytics, Insurance risk assessment, Digital infrastructure,
Regulatory compliance

1. Introduction

The insurance industry has transitioned from manual processes to data-driven underwriting, relying on historical
data and actuarial methodologies [1]. Artificial intelligence (Al) and predictive analytics enable real-time risk
assessment by processing streaming data, with machine learning algorithms dynamically adjusting pricing at
each stage, driven by the digital revolution [2]. Given current growth trends through 2024, insurers worldwide
are increasingly adopting Al to customize insurance plans and enhance fraud detection [3].

However, the pace and nature of digital transformation vary significantly across regions. In Ukraine and
Uzbekistan, progress is shaped by platform infrastructure and localized business regulations [4]. In contrast,
Poland and the Czech Republic lead in digital insurance markets, supported by advanced online platforms [5],
while Bosnia and Herzegovina experiences inconsistent technological adoption due to inadequate legislative
frameworks [6]. Despite Al’s potential to enhance accuracy and operational efficiency, concerns regarding
algorithmic bias, data privacy, and broader ethical implications remain unresolved.

Most existing studies disproportionately emphasize North America and Western Europe, neglecting emerging
markets that are actively evolving their digital ecosystems [7]. In Ukraine, Al-powered telematics is utilized in
motor insurance, though it raises cybersecurity risks [8]. Kazakhstan applies predictive analytics to agricultural
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insurance [9], whereas Georgia faces challenges integrating innovation with outdated systems [10]. Turkey
demonstrates rapid Al implementation in health insurance, whereas Romania exhibits delayed regulatory
adaptation [11].

This study aims to systematically examine the impact of Al and predictive analytics on insurance risk
assessment by evaluating technological maturity, ethical preparedness, and regional disparities in infrastructure.
Specifically, we seek to identify enablers and obstacles in ten selected countries and provide comparative
insights into Al-driven insurance performance. Gaps remain in the literature regarding regional nuances in this
area. This study investigates the implementation of artificial intelligence (Al), predictive analytics, and digital
infrastructure in ten countries to assess their influence on risk assessment practices. For analytical clarity, the
countries are grouped into three regional clusters: (1) Central and Eastern Europe (Poland, Czech Republic,
Romania, Serbia, Bosnia and Herzegovina); (2) the Caucasus and Central Asia (Kazakhstan, Uzbekistan,
Georgia); and (3) hybrid-regulatory markets (Ukraine, Turkey).

The study compares accuracy metrics against several key indicators, including the Al adoption index (tool
penetration), predictive analytics score (model sophistication), and digital infrastructure index (connectivity and
cybersecurity). It further analyzes expert perspectives on the effectiveness of Al in insurance risk assessment,
focusing on operational efficiency, ethical implications, and technological integration.

The findings are structured around three guiding research questions: How do professionals perceive the impact
of Al on accuracy? What challenges does predictive analytics pose for insurance practices? What best practices
can be identified for insurer-wide Al-driven decision-making? A total of 320 participants from the insurance,
information and communication technology (ICT), and regulatory sectors across the target countries completed
a set of cross-sectional survey questions.

This diverse regional dataset highlights disparities between innovation-driven economies, such as Serbia’s
emerging insurtech sector, and regulatory experimentation in Romania. The results provide a comprehensive
overview of regional inequalities in digital insurance adoption.

Previous research [12] recommends leveraging predictive analytics to enhance risk modeling across both spatial
and digital infrastructures. In Kazakhstan and Turkey, insurers must align Al deployment with internal
operational capacities, as emphasized in recent innovation studies [13]. Further research highlights strategies
for achieving ethical innovation and addressing digital trust deficits, particularly in Bosnia and Herzegovina
[14]. Additionally, [15] underscores that Al-based automation and forecasting significantly support
personalization, a critical component in risk-based pricing and market adaptability.

This study contributes to a deeper understanding of regional digital market behavior and offers practical insights
for stakeholders seeking to address technological disparities and foster innovation in insurance.

Modern artificial intelligence (Al) and predictive analytics solutions enable insurers to assess risk data more
rapidly and accurately [16]. Replacing traditional systems, neural networks and ensemble approaches are now
used to evaluate insurance claims, detect fraud, and segment customer groups. Ref. [17] reported that in 2023,
deep learning systems that analyzed telematics data and driving behavior patterns reduced false claims in
European auto insurance by 34%. Similarly, Ref. [ 18] found that natural language processing (NLP) technology
assisted health insurance underwriters in estimating patient risk profiles with 89% accuracy.

Smaller, climate-focused insurance markets have also adopted predictive analytics. Ref. [19] noted that in 2023,
insurers in Kazakhstan developed drought prediction models in collaboration with satellite data providers to
adjust agricultural insurance pricing. These technologies depend on robust digital infrastructure, which varies
significantly across regions. Poland and the Czech Republic utilize 5G networks and cloud computing to support
real-time risk assessment tools [20], [21], whereas Georgia and Bosnia and Herzegovina continue to experience
latency issues due to outdated IT systems [22], [23]. Further research is essential to evaluate the adoption of
insurance technologies. A 2023 global study by Deloitte found that 68% of insurers in advanced economies
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regarded Al as “transformational,” compared to only 42% in emerging markets [24]. However, such studies
tend to homogenize geographic differences. Ref. [25] analyzed Al adoption in Central and Eastern Europe and
reported that Romanian insurers prioritized chatbots for customer service, while Serbian enterprises focused on
Al-driven claims processing.

Previous research has also addressed ethical concerns. Ref. [26] found that 57% of European actuaries were
concerned about algorithmic bias in life insurance pricing, particularly in low-digital populations. Experts from
hybrid markets such as Ukraine and Uzbekistan, where regulatory ambiguity complicates ethical
implementation, are often excluded from these discussions.

Only a few studies, including [27], [28], have examined the relationship between the maturity of digital
infrastructure and the effectiveness of Al, despite growing attention to technological capabilities. Ref. [29]
linked low adoption rates of predictive analytics in Bosnia and Herzegovina to weak cybersecurity standards,
which are often overlooked in regional evaluations.

In response to these ethical issues, this paper expands the discussion by employing structured frameworks such
as the “ethical scalability” model and the ACM Code of Ethics, which address principles of fair, accountable,
and transparent decision-making. The work of Ref. [30] on quantitative risk methodologies within secure
development lifecycles is also applied to illustrate how ethical Al can be integrated into operational insurance
systems.

Literature gaps persist, particularly in relation to expert perspectives from understudied regions. Most studies
overlook countries such as Uzbekistan and Georgia, where Al adoption is increasing, and instead focus primarily
on North America, Western Europe, or parts of Asia. No existing research has examined how Ukraine’s wartime
digital resilience strategies, such as decentralized data storage, have influenced Al-driven insurance risk
assessment. Furthermore, cultural confidence in predictive analytics remains underexplored. Ref. [31] observed
that Kazakhstani consumers preferred human intermediaries over Al-generated policy recommendations, a
sentiment not addressed in global ethical frameworks. Previous studies have also failed to assess the connection
between Al adoption and infrastructure development. Romania, for instance, demonstrates high levels of Al
implementation alongside inadequate internet access in rural areas, which renders many current implementation
guidelines ineffective for insurers operating in such environments.

This study applies a combined theoretical foundation incorporating the Technology-Organization-Environment
(TOE) framework of innovation adoption and the Diffusion of Innovations (DOI) theory. Ref. [32] emphasized
that organizational readiness, external regulatory pressure, and technology compatibility are key factors in
determining technological adoption. Accordingly, this study examines digital infrastructure as a technological
agent and Al adoption indices as an organizational factor. In Uzbekistan, insurers operate with limited regulatory
oversight, while in Turkey, authorities introduced mandatory Al transparency audits following regulatory
changes in 2023 [33].

DOI theory explains how innovations diffuse through social systems and how the pace of adoption is shaped by
knowledge networks [34]. Understanding these interrelationships is therefore critical in explaining the disparity
between Poland and Serbia in terms of insurtech adoption, predictive analytics usage, and collaborations with
academic institutions. Spatial analysis theory highlights the importance of data granularity in predictive
modeling, which influenced the survey design [35]. Geographic and infrastructural variables, such as rural
Romania’s low internet penetration and Kazakhstan’s rapid adoption of cloud storage, demonstrate the role of
localized conditions in shaping Al effectiveness [36]. For instance, Ref. [37] investigated the need for reliable
information systems to enable the scalability of Al especially in contexts characterized by fragile or fragmented
digital infrastructure.

Recent research on innovation and productivity has also informed the methodological approach. Ref. [38] found
that organizations using Al primarily for personnel upskilling, rather than for technological acquisition alone,
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achieved 23% higher accuracy in risk assessment. Ref. [39] introduced the concept of “ethical scalability,”
which facilitates the evaluation of algorithmic bias. In markets such as Georgia, where insurers must comply
with both EU-aligned data regulations and local consumer protection laws, modular systems that can adapt to
diverse regulatory frameworks are essential for the ethical integration of Al

This study draws on multiple conceptual frameworks to examine how artificial intelligence (Al) technology and
predictive analytics influence insurance risk assessment, organizational operations, and regional variations. This
approach addresses gaps in region-specific research and enables comparative evaluation of technological
outcomes across insurance markets. In Poland, robust digital infrastructure enhances the reliability of predictive
data, whereas in Uzbekistan, delayed adaptation to new regulatory frameworks constrains potential gains,
highlighting the interdependence of systemic components. This survey-based study applies these principles to
better understand Al-driven risk assessment within digital insurance platforms.

2. Research method

This study employs a mixed-method research approach that incorporates both quantitative and qualitative data
to analyze the impact of artificial intelligence (AI) on insurance risk evaluation across ten countries: Ukraine,
Kazakhstan, Bosnia and Herzegovina, Poland, the Czech Republic, Georgia, Serbia, Uzbekistan, Romania, and
Turkey. To obtain precise insights from professionals with expertise in Al, the study adopted an expert survey
as the primary method of data collection. This approach enables the assessment of regional differences in
technological adoption and their effects on risk evaluation practices.

The use of standardized survey instruments facilitates cross-national comparisons, while open-ended questions
allow participants to elaborate on complex ethical and risk-related challenges. The study design was guided by
the Technology-Organization-Environment (TOE) framework and the Diffusion of Innovations (DOI) theory,
both of which emphasize the role of organizational readiness and external regulatory pressures in shaping
technology adoption.

The survey consisted of 35 questions divided into three sections. The first section utilized five-point Likert
scales (1 = “strongly disagree” to 5 = “strongly agree”) to measure perceptions of Al’s influence on the accuracy
and efficiency of risk assessment. For instance, respondents evaluated statements such as, “Al-driven models
have reduced underwriting errors in your organization.” The second section included multiple-choice questions
to quantify variables such as the Al adoption index (e.g., “What percentage of your risk assessment workflows
utilize Al tools?”) and the predictive analytics usage score (e.g., “How frequently does your firm update
predictive models?”’). The third section featured open-ended questions addressing ethical challenges (e.g.,
“Describe instances where algorithmic bias has affected risk evaluation”) and integration strategies (e.g., “What
steps has your organization taken to align Al adoption with regulatory requirements?”).

To ensure the comparability of responses across countries, all questions were professionally translated into local
languages and back-translated to confirm linguistic and conceptual consistency.

Experts were selected based on three criteria: (1) a minimum of five years of experience in insurance risk
assessment, insurtech development, or regulatory policy; (2) current employment in a role directly involving
artificial intelligence (AI) or predictive analytics; and (3) geographic representation across the ten target
countries. Initial participants were identified through purposive sampling using LinkedIn, industry conferences,
and collaborations with national insurance associations. Snowball sampling expanded the pool, with 28% of
participants recruited through referrals.

The final sample comprised 320 experts: 40% underwriters or actuaries, 30% data scientists or Al engineers,
20% regulatory officials, and 10% C-suite executives. Each country contributed 32 participants, with quotas
ensuring proportional representation from both urban and rural regions. For instance, in Romania, 22
participants were from Bucharest and Cluj-Napoca, while 10 represented smaller cities such as lasi and
Timisoara.
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Data collection took place between January and March 2024 via the Qualtrics platform. Survey invitations were
distributed by email, with two follow-up reminders sent at two-week intervals. The survey achieved a 74%
response rate (320 out of 432 invited participants), with the lowest response recorded in Uzbekistan (68%) and
the highest in Poland (82%). To address potential non-response bias, demographic comparisons between
respondents and non-respondents revealed no significant differences in gender, age, or professional role. Open-
ended responses were transcribed and anonymized to ensure participant confidentiality.

Quantitative data analysis involved the use of descriptive statistics and econometric modeling. Composite
variables were constructed to measure key constructs, including the Al adoption index, predictive analytics
usage score, and digital infrastructure index. For example, the Al adoption index was derived from responses
to five Likert-scale items (Cronbach’s o = 0.89), while the digital infrastructure index incorporated metrics such
as internet penetration and cloud storage adoption rates [40]. The dependent variable, risk assessment accuracy,
was measured using self-reported error rates in underwriting and claims processing. A multiple linear regression
model was employed to estimate the relationships between the independent and dependent variables [41], [42].

Accuracy, = B, + B,(Al Adoption), + B,(Predictive Analytics), + Pz(Digital Infrastructure),
+ B,(Regulatory Stringency), + p,(Workforce Skill Level), + ¢, (1)

Here, o represents the intercept, B1 to Bs are coefficients for the independent variables, and € denotes the error
term. Regulatory stringency and workforce skill level were included as control variables, operationalized
through expert ratings of local compliance requirements and the availability of training programs. Qualitative
data were analyzed using thematic coding in NVivo, with codes such as “algorithmic bias” and “data privacy”
developed iteratively from participant responses. For example, references to “lack of transparency in Al
decisions” were categorized under the broader theme of “ethical challenges.”

To ensure the reliability of the instrument, the survey was pilot-tested with 30 experts from non-participating
countries, including Bulgaria and Hungary. Feedback from the pilot led to revisions in the wording of several
questions and adjustments to scale anchors. Internal consistency of the Likert-scale items was confirmed using
Cronbach’s alpha, with values exceeding 0.85.

Content validity was established through expert validation, involving five academic and industry professionals
who reviewed the survey for relevance and clarity. Construct validity was evaluated via factor analysis, which
confirmed that items loaded correctly on their intended latent variables. For example, all questions related to Al
adoption loaded onto a single factor with eigenvalues greater than 1. To address potential common method bias,
Harman’s single-factor test was conducted. The first factor accounted for 32% of the total variance, remaining
well below the 50% threshold, indicating that common method bias was not a significant concern (Table 1).

Table 1. Summarizes key variables, their measurement scales

Variable Measurement Source
Al Adoption Index Composite score (1-5) based on 5 Likert-scale items (e.g., | Survey data
“Al tool penetration”)
Predictive Analytics Usage Frequency score (1-5): 1 = “rarely,” 5 = “daily” Survey data
Digital Infrastructure Index (0—100) combining internet penetration, cloud [40]

storage, cybersecurity

Risk Assessment Accuracy Self-reported error reduction (%) in underwriting/claims Survey data
(scale: 0-100)

Regulatory Stringency Expert-rated compliance complexity (1-5) Survey data

Workforce Skill Level Training program availability (1-5) Survey data
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This methodology provides a robust foundation for analyzing how Al and predictive analytics interact with
organizational and environmental factors to shape risk assessment outcomes. By integrating quantitative rigor
with qualitative depth, the study captures both statistical trends and contextual nuances, offering actionable
insights for insurers navigating the digital transformation landscape.

3. Results

Table 2 provides a summary of the demographic breakdown. The survey collected responses from 320 experts
across ten countries, with each country contributing 32 participants. The sample consisted of 40% underwriters
or actuaries, 30% data scientists or Al engineers, 20% regulatory officials, and 10% C-suite executives. Urban
and rural representation was balanced, with 65% of respondents based in major cities such as Kyiv, Almaty,
and Warsaw, and 35% from smaller towns or rural areas. Response rates varied across countries, ranging from
68% in Uzbekistan to 82% in Poland, with an overall average of 74%. Gender distribution skewed slightly male
at 58%, reflecting broader industry trends. Age groups were relatively evenly distributed: 32% of respondents
were aged 25 to 34, 41% were aged 35 to 44, and 27% were aged 45 to 55.

Table 2. Sample Demographics (n=320)

Response Urban Rural
Country Ratle) %) Participan | Participant Primary Roles
ts s
Ukraine 7 20 12 12 Underwriters, 8 Data Sm.entlsts, 10 Regulators,
2 Executives
Kazakhstan 70 18 14 14 Underwriters, 10 Data S.c1entlsts, 6 Regulators,
2 Executives
Bosnia and 69 1 17 10 Underwriters, 7 Data Scientists, 12 Regulators,
Herzegovina 3 Executives
1 i 12D ientists, 4 Regul
Poland 2 ” 10 6 Underwriters, ata Sc.:lentlsts, egulators,
0 Executives
Czech 73 21 1 14 Underwriters, 10 Data Scientists, 6 Regulators,
Republic 2 Executives
11 i D ienti Regul 4
Georgia 71 19 13 Underwriters, 9 Data Sc.lentlsts, 8 Regulators,
Executives
1 i D ienti Regul 2
Serbia 7 20 12 3 Underwriters, 8 Data Sc.lentlsts, 9 Regulators,
Executives
Uzbekistan 68 14 13 9 Underwriters, 6 Data Sc1§ntlsts, 14 Regulators, 3
Executives
Romania 75 20 12 12 Underwriters, 11 Data S-01entlsts, 7 Regulators,
2 Executives
Turkey 77 3 9 17 Underwriters, 9 Data Sc.ientists, 4 Regulators, 2
Executives

Table 3 presents the average values of key variables by country. The quantitative findings revealed substantial
disparities in Al adoption and the use of predictive analytics. The Al Adoption Index had a mean value of 3.8
(SD = 0.9) across all countries, with the highest scores reported in Poland (4.4) and the Czech Republic (4.2),
and the lowest in Bosnia and Herzegovina (2.9) and Uzbekistan (3.0).

Predictive analytics usage demonstrated a similar distribution, with a mean of 3.5 (SD = 1.1). Daily usage was
reported by 62% of respondents in Poland, compared to only 18% in Uzbekistan. Digital infrastructure scores,
based on World Bank indicators, ranged from 84 in Poland to 41 in Bosnia and Herzegovina.
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Risk assessment accuracy, defined as the percentage of self-reported error reduction in underwriting and claims
processes, averaged 67% (SD = 12%). The highest value was observed in Turkey at 78%, while the lowest was
recorded in Georgia at 54%.

Table 3.Key variable averages by country

Country Al Adoption Anaf:lr;tcii::ztl[}]sage Digital Infrastructure Risk Assessment
Index (1-5) (1-5) Index (0-100) Accuracy (%)
Ukraine 3.6 34 58 65
Kazakhstan 3.5 3.2 63 62
Bosnia and 2.9 2.7 41 58
Herzegovina

Poland 4.4 4.1 84 74
Czech Republic 4.2 3.9 82 72
Georgia 3.1 2.9 47 54
Serbia 33 3.0 53 61
Uzbekistan 3.0 2.5 44 56
Romania 3.8 33 68 66
Turkey 4.1 3.8 76 78

Table 4 shows the regression results. The econometric model estimated the relationship between Al adoption,
predictive analytics, digital infrastructure, and risk assessment accuracy. Regression results showed that a 1-
unit increase in the Al Adoption Index correlated with a 9.2% improvement in accuracy (B = 9.2, p < 0.01),
while a 1-unit rise in predictive analytics usage contributed 6.7% (B2 = 6.7, p < 0.05). Digital infrastructure had
a moderating effect: in countries scoring above 70 on the infrastructure index, Al adoption’s impact on accuracy
was 12% higher than in sub-70 regions (s = 1.12, p < 0.01). Regulatory stringency unexpectedly showed a
negative coefficient (Bs = -3.1, p < 0.05), suggesting that stringent rules may slow Al integration. Workforce
skill level positively influenced outcomes (s = 4.8, p < 0.01), aligning with expectations. The model explained
68% of the variance (R* = 0.68).

Table 4. Regression results for risk assessment accuracy

Variable Coefficient (B) Standard Error p-value
Al Adoption Index 9.2 1.4 0.000
Predictive Analytics Usage 6.7 2.1 0.012
Digital Infrastructure 1.12 0.3 0.004
Regulatory Stringency -3.1 1.2 0.023
Workforce Skill Level 4.8 1.5 0.006
Constant (o) 22.4 3.7 0.000

Table 5 shows the themes and representative quotes. Open-ended responses highlighted three recurring themes:
algorithmic bias, data privacy concerns, and infrastructure gaps. Approximately 43% of participants cited
instances of bias, such as an Uzbek actuary noting, “Al models unfairly penalize rural clients with limited digital
footprints.” Data privacy emerged as a critical issue in Romania and Serbia, where 38% of regulators mentioned
“ambiguous GDPR-like laws complicating data sharing.” Infrastructure challenges dominated responses from
Bosnia and Herzegovina, with one underwriter stating, “Outdated servers crash during peak analytics
workloads.”
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Table 5. Themes and representative quotes

Theme Frequency (%) Example Quote

“Al models penalize rural clients with sparse data.”
(Underwriter, Uzbekistan)
Data Privacy 18 “GDPR-like laws create compliance nightmares.” (Regulator,
Concerns Serbia)
“Server crashes disrupt predictive modeling daily.” (Data

Algorithmic Bias 43

Infrastructure G 52
fiirastiuctute Liaps Scientist, Bosnia)
Workforce Skill 29 “Staff lack training to validate Al outputs.” (Executive,
Shortages Georgia)

Turkey |

Romania |

Uzbekistan |
Serbia |

Georgia | e

Czech Republic

Poland |

Bosnia and Herzegovina |

Kazakhstan |y

U kraine

0 10 20 30 40 50 60 70

Percentage
High Adoption (%)  ® Moderate Adoption (%) B Low Adoption (%)

Country

Figure 1. Al adoption rates by country (2024)

Figure 1 shows that Al use reaches its highest levels in Poland Czech Republic and Turkey because so many
companies thrive with this technology. Organizations in Uzbekistan Bosnia and Herzegovina plus Georgia adopt
artificial intelligence technology at much lower levels than in other nations.

Low (1-2.5)
80

70

High (4-5) Moderate (2.6-3.9)

Figure 2. Error reduction (%) by Al adoption level

Figure 2 presents a line chart illustrating that organizations achieve greater task accuracy when Al systems are
implemented. At lower levels of Al integration, organizations report a 51% reduction in error rates. This
improves to 64% with mid-level adoption and reaches 76% when Al is fully integrated across operations.
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4. Discussion

The data obtained in this study provide critical insights into the role of artificial intelligence (Al) and predictive
analytics in insurance risk valuation across various regions, while also identifying areas that require further
intervention. The findings and responses to the research questions were contributed by experts from ten
countries, including Ukraine, Kazakhstan, Bosnia and Herzegovina, Poland, the Czech Republic, Georgia,
Serbia, Uzbekistan, Romania, and Turkey. These responses directly illustrate the interconnections among
technological deployment, institutional readiness, and regulatory environments.

In addressing the first research question, which concerns perceptions of innovation in terms of accuracy and
efficiency, most respondents agreed that Al enhances the accuracy of risk assessment, particularly in market
segments with well-developed physical and digital infrastructure. For example, in Poland and Turkey—both of
which reported Al adoption scores above 4.0 based on the indices constructed in this study—experts cited
reductions in underwriting errors ranging from 74% to 78%. These results are consistent with the findings of
[43], who highlighted the capacity of Al to reduce manual errors.

By contrast, lower adoption scores, below 3.0, were observed in Bosnia and Herzegovina and Uzbekistan.
Respondents from these countries reported challenges such as poor data quality and frequent disruptions in
connectivity, which limited improvements in risk assessment accuracy to between 54% and 58%. These
outcomes underscore the limitations of the Technology-Organization-Environment (TOE) framework, which
posits that the successful application of technology depends on both the technological readiness of the
organization and the surrounding environment. Research participants provided insightful qualitative input when
addressing the second research topic concerning challenges and ethical issues. The findings indicate that
algorithmic bias affects 43 percent of the surveyed countries across various industries. For instance, participants
from Kazakhstan reported urban-rural disparities, while those from Serbia highlighted gender-based pricing
discrepancies in the insurance sector. These observations validate the concerns raised by Ref. [44] regarding Al
bias and further demonstrate that data scarcity in certain regions exacerbates existing inequalities. In Georgia,
Al models relied on small, localized datasets that consistently classified older adults as high-risk clients.

Changes to the General Data Protection Regulation (GDPR) during the study period in Romania and Serbia
resulted in 38 percent of organizations facing data privacy challenges. According to a Romanian regulator,
companies were required to delay Al-related projects or risk penalties due to the absence of standardized
personal data protection protocols. Ref. [45] emphasizes the importance of ethical scalability and recommends
that firms develop adaptable compliance mechanisms suitable for diverse market environments.

A primary barrier identified by participants was outdated digital infrastructure, cited by 52 percent of
respondents. This was particularly evident in Bosnia and Herzegovina, where legacy servers and limited
adoption of cloud technologies hindered the deployment of predictive analytics systems. These findings help
clarify how poor digital foundations impair Al performance, a topic that remains underexplored in the existing
literature.

Successful Al adoption, according to participants, depends on striking a balance between technological
investment and collaborative learning between the public and private sectors. For example, insurance companies
in Poland and the Czech Republic achieved positive outcomes by partnering with universities to develop
industry-specific Al education programs. In Uzbekistan and Georgia, experts recommended launching public-
private initiatives due to the lack of a workforce with the required digital competencies.

Regulatory sandboxes in Turkey allowed firms to test Al models under real-world conditions without requiring
full regulatory compliance, a mechanism currently unavailable in Ukraine due to wartime constraints. These
proposed strategies align with the Diffusion of Innovations (DOI) theory, which highlights the effectiveness of
pilot initiatives and peer networks in accelerating technology adoption.
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Comparisons with prior literature reveal both consistencies and divergences. The hypothesized positive
relationship between Al adoption and risk assessment accuracy is confirmed (1 =9.2, p <0.01), consistent with
findings reported by Ref. [47]. However, the inclusion of the moderating variable of digital infrastructure (s =
1.12, p <0.01) adds a novel insight. While Al adoption improves risk accuracy, its effectiveness is significantly
diminished in the absence of adequate infrastructural support. This finding contradicts the argument made by
Ref. [48], who downplays the importance of organizational factors in influencing technological outcomes.

Similarly, the negative coefficient for regulatory stringency (-3.1, p < 0.05) challenges the prevailing assumption
that regulation necessarily facilitates ethical Al implementation. In contrast to Ref. [49], who presents regulation
as a key enabler, the present study suggests that more stringent regulatory environments may actually impede
innovation in transitioning markets. Additionally, the current study’s thematic findings on infrastructure
limitations and workforce capacity contribute to the spatial analytical signal theory proposed by Ref. [49], which
maps how geographic and technical constraints shape Al adoption patterns.

Although the study’s methodology is robust, certain limitations should be acknowledged. First, the sample size
(n = 320), while sufficient for cross-country comparisons, may not capture intra-national disparities, such as
those between Istanbul and rural regions of Turkey. Second, the use of self-reported metrics for accuracy
introduces potential response bias, as participants may overstate the benefits of Al to align with institutional
goals. Third, the snowball sampling technique, although effective in identifying niche experts, may have
introduced homogeneity into the sample, as evidenced by the underrepresentation of rural perspectives in Poland
and the Czech Republic.

Additional data collection challenges included low response rates in Uzbekistan, where frequent internet
disruptions delayed survey completion, and translation inconsistencies in the open-ended responses from Bosnia
and Herzegovina, which required post-hoc validation to ensure accuracy and clarity. Insurers face a range of
practical implications that directly affect their operational needs. The first priority should be infrastructure
development in low-scoring regions such as Bosnia and Herzegovina and Georgia. Investment in cloud
computing and 5G technologies would enhance Al precision and system responsiveness. For example, Turkish
insurers introduced edge computing solutions in 2024 to address latency challenges in rural areas.

Modern risk assessment must include the localized training of algorithms to mitigate model bias. In Kazakhstan,
insurers revised their policies by incorporating community health records and satellite data into Al training sets,
resulting in a 19 percent improvement in risk classification performance.

A third key priority is fostering regulatory collaboration through industry consortia. Romanian organizations
that joined European Union transparency programs reported more efficient regulatory processes following their
participation, supported by cross-border knowledge sharing and technical assistance. In Poland, insurtech
startups have contributed to workforce development by financing Al certification courses for underwriters.
These initiatives led to a 33 percent increase in model validation effectiveness.

In Ukraine, revised insurance legislation introduced during post-war reconstruction should include explicit Al
governance clauses. These would ensure that insurers receiving public financial support remain transparent in
their Al decision-making practices. Georgia, still in the early phase of Al adoption, should offer infrastructure
grants to rural insurance firms and provide tax incentives to companies implementing predictive analytics.

A second adverse implication relates to regulatory stringency. In highly regulated environments such as the
Czech Republic, insurance agencies should be allowed to apply more flexible rules for less sensitive Al
applications, such as claims processing. At the same time, stricter oversight should remain in place for areas
such as health-related underwriting.

This study has several limitations. First, its geographical focus on ten countries in Central and Eastern Europe,
the Balkans, and Central Asia offers valuable regional insights but limits the generalizability of the findings to
regions with different regulatory, cultural, or infrastructural contexts. Second, the reliance on self-reported data
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for metrics such as risk assessment accuracy introduces the risk of response bias, particularly where participants
may exaggerate Al effectiveness to align with institutional or industry narratives. Third, although snowball
sampling proved effective in reaching qualified experts, it may have contributed to a homogeneity of viewpoints
and underrepresentation of rural or small-scale insurers, particularly in countries such as Poland and the Czech
Republic.

5. Conclusions

Al and predictive analytics have been found to improve the accuracy of risk assessments significantly, but the
development of digital infrastructure, workforce skills, and regulatory responsiveness significantly reduces their
effectiveness. For example, countries such as Poland and Turkey, with developed digital ecosystems and active
skills-building initiatives, achieved error reduction rates of 74—78%, while Bosnia and Herzegovina and
Uzbekistan, hampered by outdated infrastructure and regulatory fragmentation, lag at 54—58%. Regression
analysis showed that implementing Al increases accuracy by 9.2%, but digital infrastructure increases the gain
to 12%. New Al development has suffered significant delays, as strict regulations reduced testing accuracy by
3.1%. Many respondents noted that algorithmic biases pose serious ethical concerns, while sparse data areas are
the most significant operational challenge for more than half of the participants. There are three broad
recommendations for insurers to implement. First, investment in digital infrastructure should be increased,
especially in Georgia and Uzbekistan, where cloud and 5G will improve decision latency and the stability of
predictive analytics. Second, algorithmic bias can be reduced by ensuring instructors use datasets different from
those used to train intermediary algorithms to help local communities validate them. Finally, Al implementation
should be integrated with workforce development, as is practiced in Poland, where universities provide courses
to improve the skills of insurance companies, insurance firms, and insurance companies, which increases
employee effectiveness in Al testing by 33%. Therefore, the government should establish a dynamic policy that
assesses the legal aspects of innovation alongside ethical considerations.

Future research should include long-term studies of the impact of Al integration, focusing on the region affected
by the crisis in Ukraine and comparative cross-market studies in non-European markets.

Future research should revisit these findings by conducting longitudinal studies of how the long-term impact of
Al extends to the accuracy of risk assessment, especially in war zones such as Ukraine, where additional
strategies for data management resilience during war may emerge. Further examining the role of infrastructure
and spatial factors in performance, comparative analyses could be conducted in other understudied regions, such
as sub-Saharan Africa or Southeast Asia.
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