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Abstract

As Artificial Intelligence (AI) continues to permeate vari-
ous aspects of societies, understanding the disparities in AI
knowledge and skills across different living areas becomes
imperative. Small living areas have emerged as significant
contributors to Europe’s economy, offering an alternative to
the bustling environment of larger cities for those seeking an
improved quality of life. Nonetheless, they often encounter
challenges related to digital infrastructure, access to finan-
cial resources, and digital skills gaps, limiting their economic
and social growth prospects. This study investigates the digi-
tal and AI skills gaps in the context of small and large Euro-
pean living areas, shedding light on the potential hindrances
to unleashing the full economic and social potentials of these
regions in an AI-enabled economy. Drawing from a compre-
hensive dataset encompassing 4,006 respondents across eight
EU countries, this research examines the current perceptions
and understandings of AI and digital skills within two dis-
tinct population groups: residents of smaller living areas and
their counterparts in larger communities. Through bivariate
analysis, notable insights are revealed concerning trust in AI
solutions and entities, self-assessed digital skills, AI Aware-
ness, AI Attitudes and demography variables in both popu-
lation groups. These insights may refer to the significance
of addressing digital and AI skills gaps in fostering growth
and preparedness for the AI-driven future. As AI becomes in-
creasingly integral to various aspects of society, targeted in-
terventions and policies are essential to bridge these gaps and
enable individuals and communities to harness the transfor-
mative potential of AI-enabled economies.

Introduction
Artificial Intelligence (AI) has not only gathered consid-
erable attention in technologies but has also begun to in-
fuse the daily lives of ordinary people. As AI applications
increasingly find their way into various facets of society
such as smart cities (Pham, Mai, and Massey 2016), ed-
ucation (Mai, Crane, and Bezbradica 2019, 2023) and fi-
nance (Nguyen et al. 2022, 2023), the acquisition and util-
isation of AI skills have emerged as critical factors in en-
suring the safe and effective use of these technologies. This
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paradigm shift towards AI-driven solutions extends beyond
individual interactions, as AI applications now play an inte-
gral role in delivering public services, democratic practices
(Pham, O’Sullivan, and Mai 2023), commercial activities,
and beyond, across Europe.

AI skills, in this context, are not only essential digital
competencies but also encompass the ability to harness the
potential of AI technologies for personal and societal ben-
efits. However, an emerging concern is the uneven distri-
bution of AI skills among European residents, particularly
between those residing in small living areas and their coun-
terparts in larger urban settings. This disparity in AI skills
underscores a broader challenge: the existing gap between
small and large living areas across Europe.

Small living areas, characterised by their unique socio-
economic and geographical attributes, face distinct chal-
lenges that include limited mobility options, inadequate
broadband infrastructure, and reduced access to resources
for investment. These challenges necessitate equitable dis-
tribution of human, social, and economic resources to ensure
sustainable growth and well-being in these regions. Address-
ing the territorial divides between small and large living ar-
eas becomes not only a matter of convenience but also a
crucial element in facilitating Europe’s green transition and
digital decade.

This paper aims to investigate the disparities in digital and
AI skills between residents of small living areas and their
counterparts in larger living areas across Europe. The paper
also identifies their perceptions about AI including levels of
trust, attitudes, and awareness. By understanding the unique
challenges facing Europeans living in small areas in harness-
ing the potential of the AI-enabled economy, findings and
implications shed some light on the ways for these regions
to fully utilise AI technologies and contribute to Europe’s
broader goals of sustainability and digital transformation.

Background
European Digital Skills Landscape
Investing in and measuring digital skills has been a prior-
ity in the EU since 2014 (European Commission 2014). The
EU has set up its own indicators of digital competence (DIG-
COMP) (European Commission 2014), where five areas of
information and data literacy; communication and collabo-



ration; digital content creation; safety; and problem solving,
are measured annually and biannually at the EU-level.

As of 2021, DIGCOMP data showed that 54% of people
in the EU aged 16 to 74 had at least basic overall digital skills
(Eurostat 2021). This statistic highlights the ongoing ef-
forts and progress made in promoting digital literacy across
the EU, while also underscoring disparities among member
states. Notably, the distribution of these digital skills exhib-
ited considerable diversity across the EU. Two front-runners
were the Netherlands and Finland, where 79% of the popu-
lation aged 16 to 74 displayed at least basic digital compe-
tencies. Following closely behind was Ireland, with 70% of
its population equipped with these essential skills, reflecting
nations that are embracing the digital age with enthusiasm.

However, on the other end of the spectrum, we find
countries facing more substantial challenges in bridging
the digital divide. Romania, with 28% of its population
in the specified age group possessing basic digital skills,
emerges as a clear outlier. This highlights the need for tar-
geted interventions and investments in digital education to
uplift underserved communities and regions. Bulgaria, at
31%, and Poland, at 43%, also faced challenges in ensur-
ing widespread digital literacy. Factors such as access to
technology, the quality of educational resources, and socio-
economic disparities can all influence these statistics.

These discrepancies in digital skills across the EU under-
score the importance of continued efforts to promote digital
literacy for all citizens. Bridging the digital divide not only
ensures equal access to opportunities in the digital era but
also empowers individuals to fully participate in the evolv-
ing digital landscape, from online education to remote work
and beyond. The discrepancies in digital skills do not only
exist in different countries within the EU but they do among
living areas within the EU, for instance, urban or cities ver-
sus rural or smaller towns or living settings and among the
two major genders of the Europeans. In the 2021 data set,
26% of the EU population aged 16-74 had above-basic dig-
ital skills. Notably, urban residents had a higher percentage
(33%) with such skills compared to those in towns/suburbs
(24%) and rural areas (20%) (Eurostat 2023b).

Among 26 out of 27 EU countries, urban dwellers consis-
tently showed the highest percentage of above-basic digital
skills, except in Malta, where towns/suburbs had a higher
share (82%) compared to cities (Eurostat 2023b). The trend
of higher digital skills in cities held true across all five as-
pects measured, with the largest gap seen in content creation
skills, where urban residents had a 16% higher proficiency
compared to rural counterparts.

Once again, throughout European Union member states, it
was generally observed that a greater percentage of individ-
uals residing in urban areas possessed skills above the basic
level, as opposed to those living in towns, suburbs, or rural
regions. Nevertheless, there were a few exceptions:

• Concerning individuals with advanced information and
data literacy capabilities, the highest percentage in Bel-
gium was found among residents of towns and suburbs,
where 71% exhibited such skills, compared to 70% in ru-
ral areas and 68% in cities.

• In terms of advanced communication and collaboration
skills, the highest proportion in Cyprus was found among
those living in towns and suburbs, with 91% displaying
these skills, as opposed to 88% in cities and 81% in rural
areas. Furthermore, in the Netherlands, the highest per-
centage was observed among individuals residing in ru-
ral areas, with 94% possessing these skills, compared to
93% in towns and suburbs and 92% in cities.

• Regarding digital skills discrepancies in gender, around
52% of women in the European Union have basic or
higher-level digital competencies. In contrast, girls aged
16 to 19 exhibit a notably higher rate at 70% (Euro-
stat 2023a). The EU nations with the highest proportions
of girls possessing basic or advanced digital skills were
Malta, leading the pack at 96%, closely trailed by Croa-
tia and Finland, both at 93%, with Czechia at 89% and
Austria at 87%.

• Conversely, the lowest percentages were recorded in Ger-
many and Romania, both standing at 47%, followed by
Bulgaria at 51%, Italy at 59% and Luxembourg at 60%.

• The data indicates that the percentage of girls with basic
or higher-level digital skills surpasses that of the entire
population in all EU member states, except for Luxem-
bourg (64% of all individuals compared to 60% of girls)
and Germany (49% compared to 47%).

• In 15 EU member states, the disparity between the per-
centage of girls with basic or advanced digital skills and
the percentage of all individuals is 20 percentage points
or more in favour of girls.

AI Skills and Perceptions among European Public
Measuring and understanding AI skills and perceptions
among the European public are in its infancy. The latest
available data was captured in the “Special Eurobarometer
516 European citizens’ knowledge and attitudes towards sci-
ence and technology”, which included some attitude mea-
surements toward AI (European Commission 2021). In the
Eurobarometer survey, involved 26,827 individuals from all
27 EU Member States, 29% of respondents believe that AI
and automation will create more jobs than they will replace.
The outlook is least optimistic for new technologies in AI,
with only 61% with a positive view.

However, most respondents in every EU Member State
anticipate a positive impact of AI over the next two decades.
Particularly high levels of optimism are observed in Malta
(79%), Portugal (77%), Belgium, and Ireland (both 70%).
Conversely, the lowest levels of optimism are found in Ro-
mania (49%), Austria (53%), and Slovakia (54%). The most
enthusiastic respondents, who believe there will be a ’very
positive’ effect, hail from Malta (38%), Portugal (29%),
Italy, and Cyprus (both 25%). Men tend to hold more posi-
tive opinions about the impact of various technological ad-
vancements on life in the next two decades compared to
women. For instance, 66% of men believe AI will have a
positive impact, compared to 57% of women.

Additionally, individuals aged 15-54 are more inclined
than their older counterparts to anticipate the positive effects
of AI and other advanced technologies. The analysis reveals



that residents of towns are more likely to have positive views
regarding the impact of new technologies including AI. For
example, 64% of those in larger towns believe that new tech-
nologies in AI will have a positive impact, while this figure
stands at 55% for those residing in rural villages.

In a separate survey carried out in 2021, more than 4,000
respondents from eight EU countries shared their awareness,
attitudes, and trust in AI (Scantamburlo et al. 2023). Ap-
proximately 49.5% of the participants indicated they pos-
sessed minimal or no knowledge on the subject, whereas
only 20.9% believed their knowledge to be at an advanced or
expert level. When evaluating the overall sentiment towards
AI, nearly 64% of the respondents expressed approval of AI.
The concept of leveraging education to boost public trust
garnered strong support, with 71.4% favouring this strategy;
universities and research centres are seen as more trustwor-
thy than national governments in ensuring responsible AI
use.

Despite the widespread integration of AI applications and
algorithms like voice assistants, chatbots, and search engines
into the daily routines of many Europeans, there is a notable
scarcity in the comprehension and assessment of their AI
skills. While the EU’s digital skills are fundamental for the
effective utilisation of digital tools, it is equally imperative
for the public to possess the capability to identify when they
are engaging with AI systems, be it on their mobile device or
computer, and to discern when a decision or recommenda-
tion is being generated by an AI system. Additionally, they
must acquire the ability to evaluate the accuracy of these
recommendations and decisions (O’Sullivan 2022).

European Living Areas
European living areas comprise mega-cities, large cities,
small and medium-sized cities, and rural areas. Most of the
cities are considered urban areas/regions of large, small, and
medium-sized ones. Small urban areas play a crucial role in
Europe’s social, economic, and territorial landscape, serving
as hubs for essential services and offering a high quality of
life. These areas, typically housing between 5,000 to 50,000
residents, are diverse and lack a universally accepted def-
inition. Nonetheless, they are home to approximately 43%
of the EU population, even when excluding areas with low
population density (Böhme et al. 2022).

The EU is currently undergoing a period of significant
transition marked by demographic changes, climate change,
and digitalisation. Demographic shifts are impacting these
areas, with some experiencing population growth while oth-
ers face decline and ageing populations. Furthermore, ap-
proximately 34% of the EU population lived in shrinking
regions in 2020, and this trend is expected to continue,
with around 51% of the EU population predicted to live in
such regions by 2040. Migration patterns, especially among
young families, are contributing to stability or growth in ur-
ban cores within these shrinking regions.

Notably, support and attention have historically favoured
large cities as drivers of innovation and development, leav-
ing small urban areas in peripheral regions with fewer re-
sources. This neglect has resulted in declining services, nat-

ural degradation, cultural heritage loss, and weakened gov-
ernance structures, exacerbating territorial inequalities.

Thus, small urban areas are vital components of Europe’s
landscape, but they face diverse challenges and require in-
vestment and support to address these issues, particularly in
the context of demographic shifts, climate change, and digi-
talisation. Residing in those small urban areas are their resi-
dents, who share the challenges but at their personal levels,
including their digital and AI skills and other demographic
factors including gender, education level and age.

Europe is actively putting its Digital Decade plan into
action while simultaneously working towards meeting its
obligations related to the United Nations’ Sustainable De-
velopment Goals. Among the critical benchmarks to gauge
progress within the Digital Decade framework, European
digital skills indicators carry substantial significance, re-
flecting the European Union’s vision for embracing digital
transformation. The Digital Compass has established an am-
bitious objective for the year 2030: to ensure that 80% of
individuals aged 16 to 74 in the EU have either basic or ad-
vanced digital skills.

Hypotheses

The relevant work reviews show that there are numerous
gaps in both baseline understanding of European digital and
AI skills and the empirical evidence for precision develop-
ment and implementation of relevant policies and invest-
ments in addressing them. Thus, a few hypotheses were gen-
erated to shed some light on where and how the pertinent
policies and investments would yield the best possible re-
sults in addressing the digital and AI skills for Europeans in
their corresponding living areas:

• Hypothesis 1: There are differences in AI awareness, at-
titudes, and trust in AI solutions and entities between the
people living in small areas and their peers in larger liv-
ing areas.

• Hypothesis 2: People living in small areas have lower
levels of self-reported digital and AI skills than their
peers in larger living areas.

• Hypothesis 3: Age, gender and education levels have re-
lationships with AI awareness, attitudes, and trust in AI
solutions and entities between the people living in small
areas and their peers in larger living areas.

• Hypothesis 4: AI and digital skills have relationships
with AI awareness, attitudes, and trust in AI solutions
and entities between the people living in small areas and
their peers in larger living areas.

These hypotheses are comprehensive in the way they are
formulated. For analyses to generate enough evidence and or
data rejection or acceptance of the hypotheses, there are first
layer of analyses to be done and those analyses can be more
detailed hypotheses themselves. Thus, the method section
will explain how the analyses and statistical tests are being
done for this paper.



Research Methods
Questionnaire and Survey Method
The questionnaire and survey data were adopted from
(Scantamburlo et al. 2023), which contains a collection of
respondents to 14 question items based on three dimensions
of trust, awareness, and attitudes in the use of AI appli-
cations, along with demographic information, living areas
and self-assessed digital and AI skills. The survey was con-
ducted through online interviews with an average comple-
tion time of 20 minutes from June 2021. The respondents’
information was anonymised and processed in compliance
with the EU’s General Data Protection Regulation (GDPR).
More details on data collection and questionnaire design are
available (Scantamburlo et al. 2023).

The Likert scale items in the questionnaire ranged from
1 to 5, with 1 representing more negative values such as
“not at all”, “never”, “not important at all”, and “strongly
disapprove”, and 5 representing more positive values such
as “a lot”, “always”, “very important”, and “strongly ap-
prove”. The 5-point Likert scale is widely utilised in social
science to examine human attitudes and perceptions (Nun-
nally 1994), and ensures that the items were straightforward
and comprehensible (Likert 1932; Biasutti and Frate 2017).

In the scope of this paper, we only consider the relevant
surveyed data for the Likert-scale questions, i.e., a question
that contains multiple Likert sub-items, about AI Awareness
(Q7), AI Attitude (Q8), Trust in AI Solutions (Q12), Trust in
Entities (Q14). Summaries of these questions with their Lik-
ert sub-items can be seen in Table 1. Additionally, we used
demographical variables (i.e., age, gender, education) along
with self-assessed digital skills and AI skills to conduct the
hypotheses tests.

Statistical Analysis Methods
First, we assess the questionnaire’s item robustness and
theoretical dimensions by conducting both an Exploratory
Factor Analysis (EFA) and a Confirmatory Factor Analy-
sis (CFA). The sample (n=4,006) was randomly equally di-
vided into two groups: n1=2,003 for EFA and n2=2,003 for
CFA. Note that only items measured on the Likert scale
were utilised in the EFA and CFA analyses. Prior to con-
ducting the EFA, we evaluated the sample adequacy us-
ing the Kaiser-Meyer-Olkin (KMO) test and Bartlett’s test
of sphericity (Kaiser 1974; Fabrigar et al. 1999). A good
threshold is KMO ≥ 0.7. For Bartlett’s test of sphericity,
a significant result (p-value < 0.05) indicates that the data
are appropriate for factor analysis (Kaiser 1974; Fabrigar
et al. 1999). To evaluate the internal consistency of the EFA,
we used Cronbach’s α (α > 0.8), which is recommended
as the most suitable coefficient for ordinal-type scales (Ga-
dermann, Guhn, and Zumbo 2019; Zumbo, Gadermann, and
Zeisser 2007). We also assessed the validity of the factor
structure obtained through EFA using CFA. The CFA was
conducted by utilising a polychoric matrix and the diag-
onally weighted least squares (DWLS) extraction method,
which is considered more appropriate for ordinal data than
other extraction methods (Li 2016).

After the factors had been identified and assessed from
the previous analyses, we employed bivariate analysis to ex-
plore whether there are significant relationships between the
factors and relevant variables (i.e., demography and self-
assessed digital and AI skills variables). We conducted non-
parametric tests, i.e., Mann-Whitney U (Mann and Whitney
1947) and Kruskal-Wallis H (Kruskal and Wallis 1952), as
the data was not assumed to be Normally distributed. The
Mann-Whitney U test is a non-parametric test that compares
the median of two independent groups (Mann and Whitney
1947) while the Kruskal-Wallis H test compares the medi-
ans of more than two independent groups (Kruskal and Wal-
lis 1952). All data processing and statistical analysis tasks
were conducted in R version 4.3.0 (with stats packages) and
Python (with the Scipy and Pandas libraries).

Analysis Result
Questionnaire Data Validation
Regarding the suitability of data for conducting EFA, the
KMO = 0.96, indicates that the data is highly suitable
for EFA. Similarly, Bartlett’s test of sphericity’s p-value <
0.0001, further confirms the suitability of the data for EFA.
These findings are consistent with prior research suggested
by (Kaiser 1974; Fabrigar et al. 1999).

Four factors were identified through the use of parallel
analysis (Lim and Jahng 2019), i.e., AI Awareness, AI Atti-
tude, Trust in AI Solutions, and Trust in Entities (see Table
1). The factors were able to explain 62% of the overall vari-
ance and were extracted based on their factor loading. Note
that items with factor loading less than 0.50 were excluded,
and the remaining items were categorised into a single factor
based on their highest load.

In order to evaluate the discriminant validity, we exam-
ined the factor correlation matrix, which indicated that all
four factors showed positive correlations. Moreover, none
of the correlation coefficients exceeded the threshold of 0.7,
which indicates that the factors derived from EFA exhibited
satisfactory discriminant validity. To evaluate the reliability
of our questionnaire, all Cronbach’s α values > 0.8 indicate
good internal consistency (see Table 1).

Next, we conducted a CFA to assess the proposed fac-
torial structure of the questionnaire data. Our CFA results
showed that the EFA model had acceptable fit indices, with
RMSEA = 0.011, CFI = 0.995, TLI of 0.994, SRMR = 0.03,
and a p-value < 0.0001. The CFA result supports the relia-
bility and validity of the survey data, which is important for
ensuring that the obtained analysis results are accurate and
meaningful (Kline 2023).

Bivariate Analysis
The bivariate analysis revealed noteworthy insights regard-
ing respondents residing in different areas with different
population sizes and the four factors identified from the EFA
and CFA analysis. Particularly, as can be seen in Table 2,
there were no significant differences in AI Awareness and
AI Attitude between individuals inhabiting small-size and
large-size areas, as indicated by Mann Whitney U tests p-
values > 0.05. However, a significant difference emerged in



Cronbach’s alpha α Factor
loadings

Factor: Trust In Entities - Trust in entities that may ensure a beneficial use of AI (Q14 1
- Q14 6)

0.88

Q14 1. National Governments and public authorities 0.78
Q14 2. European Union (including European Commission/European Parliament) 0.74
Q14 3. Universities and research centres 0.55
Q14 4. Consumer associations, trade unions and civil society organisations 0.65
Q14 5. Tech companies developing AI products 0.66
Q14 6. Social media companies 0.78
Factor: Trust in Solutions - Importance of specific policy measures to increase trust
(Q12 1 - Q12 6)

0.9

Q12 1. A set of laws enforced by a national authority which guarantees ethical standards and
social responsibility in the application of AI.

0.84

Q12 2. Voluntary certifications released by trusted and competent agencies which guarantee
ethical standards and social responsibility in the application of AI.

0.73

Q12 3. Having independent expert entities that monitor the use and misuse of AI in society,
including the public sector, and inform citizens.

0.82

Q12 4. The adoption and application of a self-regulated code of conduct or a set of ethical
guidelines when developing or using AI products

0.78

Q12 5. The provision of clear and transparent information by the provider that describes the
purpose, limitations and data usage of the AI product

0.84

Q12 6. The creation of design teams promoting diversity and social inclusion (e.g. gender
wise, different expertise, ethnicity, etc) and the consultation of different stakeholders through-
out the entire lifecycle of the AI product

0.61

Factor: AI Awareness - Awareness of the application of AI in different sectors across
Europe (Q7 1 - Q7 10)

0.927

Q7 1. Healthcare (e.g. diagnostic support, personalised medicine) 0.75
Q7 2. Insurance (e.g. fraud detection, personalised risk assessment) 0.79
Q7 3. Agriculture (e.g. robotic harvesting, crop optimisation) 0.79
Q7 4. Finance (e.g. fraud detection, loan decision support systems) 0.79
Q7 5. Military (e.g. automated weapons, cybersecurity for data protection) 0.71
Q7 6. Law enforcement (e.g. predictive policing to forecast areas where crime is likely and
dispatch police units)

0.80

Q7 7. Environmental (e.g. climate prediction, energy harvesting forecast) 0.74
Q7 8. Transportation (e.g. self-driving vehicles) 0.73
Q7 9. Manufacturing industry (e.g demand forecasting, robotics) 0.72
Q7 10. Human resource management (e.g. CV screening, workforce planning) 0.79
Factor: AI Attitude - Attitude towards the application of AI in specific sectors (Q8 1 -
Q8 10)

0.93

Q8 1. Healthcare (e.g. diagnostic support, personalised medicine) 0.75
Q8 2. Insurance (e.g. fraud detection, personalised risk assessment) 0.82
Q8 3. Agriculture (e.g. robotic harvesting, crop optimisation) 0.73
Q8 4. Finance (e.g. fraud detection, loan decision support systems) 0.85
Q8 5. Military (e.g. automated weapons, cybersecurity for data protection) 0.69
Q8 6. Law enforcement (e.g. predictive policing to forecast areas where crime is likely and
dispatch police units)

0.85

Q8 7. Environmental (e.g. climate prediction, energy harvesting forecast) 0.78
Q8 8. Transportation (e.g. self-driving vehicles) 0.63
Q8 9. Manufacturing industry (e.g demand forecasting, robotics) 0.77
Q8 10. Human resource management (e.g. CV screening, workforce planning) 0.66

Table 1: Lists of latent factors with their items derived from EFA and CFA analysis.



N Trust in Gov En-
tities

Trust in AI Solu-
tions

AI Awareness AI Attitude

Mann–Whitney U p-value = 0.03 p-value = 0.02 p-value = 0.08 p-value = 0.1
Small population-sized 1731 2: 3.68, △: 3.74 2: 3.91, △: 4.00 2: 3.57, △: 3.70 2: 3.64, △: 3.70
Large population-sized 2156 2: 3.74, △: 3.78 2: 3.98, △: 4.00 2: 3.62, △: 3.70 2: 3.68, △: 3.80

Table 2: Bivariate analysis results between the identified factors and respondents living in different population-sized areas. 2 -
Mean; △ - Median

Trust in Gov En-
tities

Trust in AI Solu-
tions

AI Awareness AI Attitude

Residents from small population-sized areas (< 30, 000 people)
Education level *** *** * ***
Gender *
Age group * ***
Digital skills *** *** *** ***
AI skills *** *** ***

Residents from large population-sized areas (≥ 30, 000 people)
Education level *** *** * ***
Gender *
Age group ** *** **
Digital skills *** *** *** ***
AI skills *** *** ***

Table 3: Bivariate analysis results between demographic and identified factors in respondents from small and large population-
sized areas. * = p-value < .05, ** = p-value < .001, *** = p-value < .0001, empty value = not significant (p-value > .05).

Trust in AI Solutions and Trust in Entities when comparing
respondents from small-size and large-size areas, with Mann
Whitney U tests p-values < 0.05. Furthermore, it was ob-
served that individuals in small population-sized areas tend
to have lower levels of Trust in both AI Solutions and Enti-
ties, implying a possible area-specific divergence in percep-
tions towards artificial intelligence. [H1 partly supported]

Regarding the analysis of (self-assessed) digital and
AI skills, no significant difference was observed in self-
assessed AI skills between individuals residing in differ-
ent population-size areas, with a p-value = 0.5. However,
a significant contrast emerged in self-assessed digital skills,
with a p-value < 0.0001. This difference suggests that re-
spondents from smaller population-size areas tend to evalu-
ate their digital skills lower in comparison with those from
larger population-size areas. [H2 partly supported]

Based on the preceding results, we conducted a more de-
tailed analysis by splitting the survey data into two distinct
subsets: respondents residing in small populations (less than
30,000 people) and those in large populations (30,000 peo-
ple or more). Within each subset, bivariate analyses were
performed between the identified factors and demographic
variables for Hypothesis 3, as well as self-assessed skills for
Hypothesis 4 (see Table 3).

With respect to demography variables, both subsets of the
survey data show a consistent relationship between the four
identified factors and education levels and gender. Across
all education levels, significant differences were observed in
all four factors, indicating that respondents with higher lev-

els of education tend to hold more positive views concern-
ing AI Awareness, AI Attitude, Trust in AI Solutions, and
Trust in Entities (Kruskal Wallis H tests’ p-value < 0.0001).
Regarding gender, however, the analysis merely revealed a
noteworthy difference in the Trust in AI Solution factor, with
Mann Whitney U tests returning a p-value < 0.05 between
male and female groups.

Additionally, in the context of age groups, a significant
difference was observed in Trust in AI Solutions and Trust
in Entities among respondents from small population size
areas (Kruskal Wallis H tests’ p-value < 0.05). This pattern
can also be seen in larger population size areas, where sim-
ilar results were found, along with an additional significant
difference in AI Attitude. [H3 partly supported]

Furthermore, both subsets yielded similar outcomes in
the bivariate analysis concerning the four factors and self-
assessed skills. Particularly in both subsets, all four factors
show a significant difference between respondents with high
and low digital skills, with Mann Whitney U tests p-values <
0.0001. Regarding the distinction between individuals with
high and low self-assessed AI skills, significant variations
were observed in AI Awareness, AI Attitude, and Trust in
Entities, although no significant difference was found in
Trust in AI Solutions. [H4 partly supported]

Discussion
In H1, the data do not allow for a full rejection of the hypoth-
esis: “There are differences in AI awareness, attitude, trust in
AI solutions and entities between the people living in small



areas and their peers in larger living areas.” From a compre-
hensive view, there were no statistically notable differences
in terms of AI Awareness and AI Attitude when compar-
ing individuals residing in small population-sized and large-
sized areas. This might come from the fact that AI is a new
topic for all Europeans (European Commission 2021).

However, a contrast emerged concerning Trust in AI So-
lutions and Trust in Entities between respondents from these
two distinct living environments. This difference in trust lev-
els points to a regional variation in how people perceive and
interact with AI. In particular, it is observed that individuals
living in small population-sized areas tend to have lower lev-
els of trust in both AI Solutions and Entities when compared
to their counterparts in large-sized areas. This outcome im-
plies that there may be specific factors at play in smaller
communities that contribute to a higher degree of scepticism
or caution when it comes to embracing AI-driven solutions
and trusting the entities behind them. It might come from
a “disconnect from public AI policies” and “poor engage-
ment with AI education and training” (Scantamburlo et al.
2023) and a set of laws, which the AI Act is setting (Eu-
ropean Commision 2021), with compliance and governance
structures, would improve the levels of trust among all Eu-
ropeans in AI solutions and applications, especially in the
public services. To better understand this phenomenon, it is
essential to explore the potential reasons behind this diver-
gence in trust.

In H2 “People living in small areas have lower levels of
self-reported digital and AI skills than their peers in larger
living areas” was partly rejected by the data. There was a
notable absence of substantial differences in how individu-
als assessed their AI skills, regardless of whether they lived.
However, a significant divergence emerged when it came to
self-assessed digital skills. This discrepancy implies that in-
dividuals residing in smaller population-size areas tend to
rate their digital skills lower compared to those living in
larger population-size areas.

This finding confirmed the difference in digital skills
based on geographical location such as urban and rural areas
detected in (European Commission 2021). The finding vali-
dates questions about the factors that might contribute to the
contrast in self-assessment while highlighting differences in
access to digital resources, educational opportunities, or ex-
posure to technology (Gaffikin 2019).

H3 and H4 were conjectured to detect more granular un-
derstandings among the demographic variables, e.g., age,
gender and education levels and their AI and digital skills
in association with their AI awareness, attitude, trust in AI
solutions and entities between the people living in small ar-
eas and their peers in larger living areas.

From deeper analyses of the two distinct groups, data do
not allow for full rejection of the raised hypotheses. Specif-
ically, within both subsets, all four factors show significant
differences between respondents with high and low levels
of digital skills. Regarding the difference between individu-
als with high and low self-assessed AI skills, we noted sig-
nificant variations in AI Awareness, AI Attitude, and Trust
in Entities. However, no substantial difference emerged in
Trust in AI Solutions. Hence, Hypothesis 4 received partial

support in this context.
Regarding the demographic variables, both subsets of

our data consistently revealed associations between the four
identified factors and education levels as well as gender.
Across all educational backgrounds, we observed signifi-
cant differences in all four factors, indicating that respon-
dents with higher levels of education tended to hold more
favourable opinions about AI Awareness, AI Attitude, Trust
in AI Solutions, and Trust in Entities. However, regarding
gender, our analysis unveiled a noteworthy difference solely
in the Trust in AI Solutions factor, suggesting that gender
had a limited influence on other facets of AI perception.

Regarding the age groups, we identified significant differ-
ences in Trust in AI Solutions and Trust in Entities among
respondents from small population size areas. This pattern
was also apparent in areas with larger population sizes,
where similar results were observed. Additionally, an extra
significant difference emerged in AI Attitude in larger pop-
ulations. This finding partially supports Hypothesis 3.

The findings in age-related and gender-related variables
influence digital skills and AI perceptions and their demon-
strated consistent associations between education levels and
the four factors related to AI, confirming those outcomes
found in (European Commission 2021).

There is now a clearer need to formulate policies and
projects addressing those digital and AI skill gaps, espe-
cially for those in small living areas. While there are nu-
merous EU-wide digital skills improvement programs with
sizeable associate funding, it is a must to provide targeted
support, e.g., specifically designed programmes, for groups
of seniors, females, and those who did not finish college. For
instance, seniors can learn digital skills in their own com-
munity environment such as daycare centres where seniors
come to have daily activities with their peers. They can learn
about AI via their engagement with robots and other voice
assistant devices in those centres or similar settings.

Conclusion
This research brings some empirical evidence that guides
policy implications, and practical intervention programs in
addressing digital and AI skills gaps in European small size
and larger living areas.

The findings show that the small size living areas have
the identified challenges from the previous studies. How-
ever, with the introduction of AI solutions and applications
in almost all aspects of life for Europeans, be it in work-
places, public services, or personal activities, those living in
small living areas have added challenges. If those challenges
are not dealt with they will hinder or amplify the challenges
not only for those people but also for those small living ar-
eas, which provide alternatives for those who want to live
close to nature while enjoying decent public services and
amenities.

Comprehensive investment in education and awareness
initiatives is essential at EU-wide, national, and regional lev-
els to elevate perceptions, digital and AI skills, particularly
among vulnerable groups such as seniors and females in
small living areas. Ensuring inclusion is paramount, leaving
no one behind and affirming AI’s universal benefit for all.



Acknowledgements
This research has received funding from the European
Union’s Horizon 2020 research and innovation programme
under grant agreements No. 825619 (AI4EU) and 952070
(VISION), and from Science Foundation Ireland under
Grant number 12/RC/2289-P2 (the Insight the SFI Re-
search Centre for Data Analytics), which is co-funded under
the European Regional Development Fund. This research
was also conducted with the financial support of ADAPT
Core under Grant Agreement No. SFI/13/RC/2106 P2 at the
ADAPT SFI Research Centre at Dublin City University. The
data collection and processing for this research was sup-
ported by Ca’ Foscari University. This work reflects only
the authors’ view and the European Commission is not re-
sponsible for any use that may be made of the information it
contains.

References
Biasutti, M.; and Frate, S. 2017. A validity and reliability
study of the attitudes toward sustainable development scale.
Environmental Education Research, 23(2): 214–230.
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