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Esmira Ahmadova (Azerbaijan), Lala Hamidova (Azerbaijan),
Tetyana Nestorenko (Ukraine, Poland)

DIGITAL TRANSFORMATION
AND ENTREPRENEURSHIP:

A COMPARATIVE ANALYSIS OF EUlI

AND SELECTED EU15 ECONOMIES

Abstract

This study examines the association between multidimensional digital transformation
and national startup ecosystem performance across 23 European Union economies,
comparing EU11 with 12 selected EU15 economies from 2017 to 2024. The balanced
panel contains 184 country-year observations. Principal component analysis is used to
construct three composite indicators: the Digital Services Index, Digital Connectivity
Index, and Digital Human Capital Index. The indices demonstrate satisfactory facto-
rial adequacy, internal consistency, and one-component structures supported by paral-
lel analysis. Their associations with startup ecosystem performance are estimated us-
ing two-way fixed-effects models. Because the panel contains only 23 country clusters,
the principal inference uses CR2 bias-reduced country-clustered standard errors with
Satterthwaite-adjusted degrees of freedom. In the full-sample specification, DSI has
a positive but only marginally significant association with startup ecosystem perfor-
mance (B = 0.0834, p = 0.082), while DCI, DHCI, and e-government are statistically
insignificant. R&D intensity has a negative contemporaneous coefficient that is also
marginally significant (p = —0.0145, p = 0.053). Regional heterogeneity is jointly sig-
nificant and is concentrated primarily in digital connectivity: DCI is negatively associ-
ated with startup ecosystem performance in the EU11 group, whereas its total slope is
approximately zero in the selected EU15 group. DHCI has a positive total slope within
the selected EU15 group, although the difference between the EU15 and EU11 slopes
is not statistically significant. A one-year-lagged specification produces a positive but
marginal DSI coefficient and does not identify statistically significant associations for
the remaining predictors. These estimates should be interpreted as conditional associa-
tions rather than causal effects.

Keywords digital transformation, digital entrepreneurship, EU11,
EU15, digital services, digital connectivity, digital
human capital, startup ecosystems

JEL Classification 126,031,033

INTRODUCTION

Digital transformation has become a major driver of structural change
in modern economies, influencing production processes, labor mar-
kets, public administration, and entrepreneurial ecosystems. Digital
technologies reduce information and transaction costs, facilitate mar-
ket access, support new business models, and improve interactions
among firms, consumers, financial institutions, and public authorities.
Within the European Union, these developments are closely linked to
the Digital Decade 2030 agenda, which prioritizes digital skills, in-
frastructure, business digitalization, and digital public services (EC,
2023, 2024a, 2024b; UNCTAD, 2024). However, the entrepreneurial
benefits of digitalization depend on complementary factors such as
human capital, institutional quality, innovation systems, and broader
economic conditions. Despite substantial progress, digital transfor-
mation remains uneven across Europe. Differences persist in digital
skills, broadband infrastructure, e-government services, innovation
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capacity, and the adoption of advanced technologies. These disparities are particularly evident between
post-socialist countries that joined the European Union after 2004 and member states that joined before
2004. In this study, these groups are defined as the EU11 economies and 12 selected EU15 economies,
reflecting differences in economic transition, institutional development, and entrepreneurial and in-
novation systems.

Previous studies show that digitalization contributes to economic growth, productivity, innovation, and
entrepreneurship in European economies (Borowiecki et al., 2021; Dabbous et al., 2023; Mura & Donath,
2023). Research on digital entrepreneurship demonstrates that digital technologies lower market-entry
barriers, expand access to information and customers, and facilitate the creation of new firms and busi-
ness models (Nambisan, 2017; Autio et al., 2018; Fossen & Sorgner, 2021). Other studies emphasize
the importance of digital skills, infrastructure, human capital, and institutional quality in enabling
firms and economies to benefit from digital transformation (Bruno et al., 2023; Duarte & de Oliveira
Carvalho, 2024). However, several gaps remain. Many studies rely on aggregate digitalization indicators,
making it difficult to distinguish the effects of digital services, connectivity, and digital human capital.
In addition, entrepreneurship outcomes are often overlooked in favor of broader measures such as digi-
tal readiness, productivity, or economic growth. Comparative evidence on the EU11 and established EU
economies also remains limited.

This study addresses these gaps by examining the relationship between digital transformation and en-
trepreneurial activity in 23 European Union economies during 2017-2024. Using principal component
analysis, three composite indicators are constructed: the Digital Services Index, the Digital Connectivity
Index, and the Digital Human Capital Index. The aggregate DESI measure is used only as a contextual
benchmark and is not treated as an outcome variable because several of its components overlap with the
indicators used to construct DSI, DCI, and DHCI. The study evaluates which dimensions of digital trans-
formation are associated with national startup ecosystem performance, whether these associations differ
between the EU11 and selected EU15 groups, and how institutional digitalization and research intensity
relate to startup ecosystem performance. The study contributes to the literature by disaggregating digital
transformation into its key dimensions, linking them to national startup ecosystem performance, and
providing a comparative panel-data analysis of EU11 and selected EU15 economies while accounting for
country heterogeneity and common cross-country dynamics. The findings offer evidence relevant to poli-
cies strengthening digital capabilities, institutional efficiency, and startup ecosystems.

1. LITERATURE REVIEW

development of the digital economy in Europe rests
on EU strategic frameworks, including the “Digital

Digital transformation refers not only to the adop-
tion of individual technologies but also to broader
changes in the organization of economic activity,
firm interaction, market access, and institutional co-
ordination. Within entrepreneurship research, digi-
tal technologies are viewed as mechanisms that alter
how opportunities are identified, resources are mo-
bilized, and new ventures are created and scaled. The
issues of digitalization, human capital, and innova-
tion activity are the subject of active debate in con-
temporary scholarship. Recent studies underscore
that digital transformation constitutes a key driver
of economic growth, innovation, and diversifica-
tion, particularly in European contexts (European
Investment Bank, 2023; EC, 2023; OECD, 2021). The
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Decade 2030” agenda and the methodology of the
Digital Economy and Society Index (DESI). The lat-
ter is employed for cross-country benchmarking of
digital progress and encompasses such dimensions
as infrastructure, skills, and the integration of digi-
tal technologies (EC, 2023; Borowiecki et al., 2021).
Empirical evidence suggests that DESI captures not
only technological maturity but also countries’ in-
stitutional capacity to adapt to digital challenges
(Bruno et al., 2023).

Within the concept of digital entrepreneurship,
digitalization is viewed as a process that trans-
forms the entrepreneurial ecosystem (Kraus et
al.,, 2023; Zhanbozova et al., 2024; Huseynov et
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al., 2025). Such a digital entrepreneurial ecosys-
tem emerges through the diffusion of digital tech-
nologies (Startup Genome, 2025; Elia et al., 2020).
Digital technologies lower market entry barri-
ers and enable new forms of networked interac-
tion (Autio et al., 2018; Nambisan, 2017), thereby
strengthening the link between digitalization and
the market entry of new firms (Fossen & Sorgner,
2021). The availability of digital skills and a well-
developed stock of human capital enhances firms’
innovative capacity, whereas skills deficits con-
strain the effective use of digital tools (Liu et al.,
2025; Vasilescu et al., 2020). In EU member states,
higher levels of digital transformation are asso-
ciated with employment growth predominantly
in knowledge-intensive sectors (Sobczak, 2025;
Tiutiunyk et al., 2021). Digital transformation also
catalyzes the emergence of new business models
and the refinement of existing ones.

The association between digital skills and innova-
tion outcomes has been corroborated by numer-
ous empirical studies. Aleca and Mihai (2025)
and Dabbous et al. (2023) show that investment
in digital skills and STEM education exerts a
positive effect on productivity and entrepreneur-
ial activity. Zhang and Li (2023) document a ro-
bust relationship between infrastructure (e.g.,
broadband penetration and cloud adoption) and
overall digital readiness. In the economics of in-
novation literature (Aghion & Howitt, 2009; Hall
et al., 2010), the impact of R&D investment on
innovative activity is found to materialize with
a temporal lag. Short-run effects may be nega-
tive due to process inertia and the concentration
of resources in large organizations, consistent
with the “innovation lag” hypothesis (Romer,
1990). In shaping innovative business models, sa-
lient digitalization factors include e-commerce,
CRM integration, and R&D investment (Silva
et al,, 2025). Digital transformation, in turn, fa-
cilitates the efficient allocation of innovation re-
sources (Duarte & de Oliveira Carvalho, 2024).
Empirical studies indicate that the development
of e-government fosters entrepreneurship by re-
ducing transaction costs and increasing trans-
parency (Liu & Guo, 2025; L. Zhang & X. Zhang,
2025). In countries with less mature institutions,
digital governance functions as a compensatory
mechanism that accelerates firms’ adaptation to
digital practices (Gkika et al., 2025).

http://dx.doi.org/10.21511/ppm.24(3).2026.24

Problems and Perspectives in Management, Volume 24, Issue 3, 2026

Research by the European Commission and the
World Bank confirms a persistent digital divide
between Western and Central-Eastern European
countries (EC, 2022; World Bank, n.d.). Northern
and Western Europe are characterized by higher
levels of digital maturity and stronger R&D inte-
gration, while Eastern and Southern EU member
states remain on a catch-up trajectory (Herman
& Georgescu, 2025). These differences are pre-
dominantly structural - rooted in the quality of
human capital and digital infrastructure rather
than geography or income (Szerb et al., 2024;
EC, 2025b). Taken together, the contemporary
literature affirms that human capital, digital
skills, and infrastructure are the principal driv-
ers of digital transformation, while institution-
al and regional heterogeneity shapes its trajec-
tories. Nonetheless, the relationships between
component digitalization indices (DCI, DSI, and
DHCI) and entrepreneurial activity (GStartup)
in a panel setting — and the role of regional fac-
tors in conditioning these relationships — remain
insufficiently explored. The present study ad-
dresses this gap by combining panel-data econo-
metrics with a component-wise decomposition of
digital indicators.

The reviewed literature establishes that digitaliza-
tion is relevant to entrepreneurship, innovation,
and economic performance. However, three limi-
tations remain. First, many studies rely on an ag-
gregate digitalization measure, making it difficult
to distinguish the roles of business digital services,
connectivity infrastructure, and digital human
capital. Second, existing European research fre-
quently focuses on economic growth, productivity,
digital readiness, or sustainable competitiveness
rather than directly examining national startup
ecosystem performance. Third, comparative stud-
ies of EUI1 and established EU economies often
pay limited attention to the combined effects of
digital capabilities, institutional digitalization,
country heterogeneity, and common European
dynamics. The present study addresses these limi-
tations by constructing separate Digital Services,
Digital Connectivity, and Digital Human Capital
indices and examining their associations with
startup ecosystem performance. The analysis also
incorporates e-government development, R&D in-
tensity, economic development, and an EU-group
indicator.
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The objective of this study is to examine the re-
lationship between digital transformation and
national startup ecosystem performance in 23
European Union economies during 2017-2024.
The analysis focuses on digital services, connec-
tivity, digital human capital, and e-government,
while also comparing the EU11 and selected EU15
economies. Drawing on theoretical and empirical
literature regarding the influence of digitalization,
human capital, and institutional conditions on en-
trepreneurship and innovation, the study advanc-
es the following hypotheses:

HI: A higher level of digital service adoption is
positively associated with national startup
ecosystem performance.

H2: A higher level of digital connectivity is posi-
tively associated with national startup eco-
system performance.

H3: A higher level of digital human capital is pos-
itively associated with national startup eco-
system performance.

H4: A higher level of e-government development
is positively associated with national startup
ecosystem performance.

H5:  The strength of the associations between dig-
ital transformation and startup ecosystem
performance differs between the EUIl and
selected EUI5 economies.

2. METHOD

2.1. Country classification, data
sources, and variable definitions

This study employs a quantitative comparative
panel-data design to examine the association be-
tween digital transformation and national startup
ecosystem performance. The unit of analysis is
the country-year observation. The dataset covers
23 European Union economies over the period
2017-2024 and contains 184 observations, form-
ing a balanced panel. The countries are classified
into two institutionally and historically defined
groups. The EU11 group includes Bulgaria, Croatia,
Czechia, Estonia, Hungary, Latvia, Lithuania,
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Poland, Romania, Slovakia, and Slovenia. The
comparison group consists of 12 selected EU15
economies: Austria, Belgium, Denmark, Finland,
France, Germany, Ireland, Italy, the Netherlands,
Portugal, Spain, and Sweden. This classification
reflects differences in the timing of EU accession,
post-socialist transition, and institutional devel-
opment rather than a strictly geographical divi-
sion. The EU11 economies constitute the reference
group. The United Kingdom was excluded because
the analysis is limited to EU member states oper-
ating within the common European digital-policy
framework. Cyprus and Malta do not belong to ei-
ther the EU11 or EU15 institutional groups, while
Greece and Luxembourg were excluded because
complete and comparable observations were un-
available for the full study period.

The empirical dataset was assembled by merging
annual observations by country and calendar year.
Before estimation, country identifiers were harmo-
nized, duplicate country-year records were checked,
and the measurement direction of each indicator
was verified. Unless otherwise indicated, higher val-
ues represent stronger entrepreneurial, digital, insti-
tutional, or economic development. National startup
ecosystem performance is the dependent variable.
National startup ecosystem performance is mea-
sured using the composite country scores published
in the annual StartupBlink Global Startup Ecosystem
Index Reports for 2017-2024. The score captures the
overall strength of a country’s startup ecosystem, in-
cluding the quantity and quality of startups and the
broader business environment. The original score is
used instead of the ordinal rank because differences
between adjacent rank positions are not necessarily
equal. In contrast, the score preserves information
about the magnitude of cross-country differences.
Because the startup ecosystem scores are positive
and right-skewed, the variable is transformed using
the natural logarithm:

Y, =In(S,), 1)
where S, is the original startup ecosystem score

for country i in year t, and Y, is its logarithmic
transformation.

The indicators (Table 1) used to construct the

Digital Services Index, Digital Connectivity Index,
and Digital Human Capital Index were obtained
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from the European Commission’s DESI and
Digital Decade databases (European Commission,
2025a). The Digital Services Index represents firm-
level adoption of digital technologies. The Digital
Connectivity Index represents broadband and 5G
development. The Digital Human Capital Index
represents ICT-specialist capacity and population-
level digital skills. E-government development is
measured using the European Commission in-
dicator of digital public services for businesses.
Higher values indicate more advanced availabil-
ity and delivery of digital public services. R&D
intensity controls for national innovation capac-
ity, while GDP per capita controls for economic
development. GDP per capita is measured in pur-
chasing-power-parity international dollars and
transformed using the natural logarithm. The ag-
gregate DESI measure is retained only as contex-
tual descriptive information and is not used as an
outcome variable. Several of its components over-
lap with the indicators used to construct DSI, DCI,
and DHCI; using aggregate DESI as a dependent
variable would therefore create a mechanical part-
whole relationship. The European Commission
revised the structure and presentation of DESI in-
dicators during the study period, particularly fol-
lowing the integration of DESI reporting into the

Problems and Perspectives in Management, Volume 24, Issue 3, 2026

Digital Decade monitoring framework. Annual
observations were collected from the relevant
yearly editions, aligned by country and year, and
combined into a harmonized panel. Although the
substantive direction of the retained indicators
remained consistent, changes in coverage, defi-
nitions, or reporting procedures may limit strict
year-to-year comparability. Year fixed effects are
included to absorb common temporal and meth-
odological changes affecting all countries in a giv-
en year. Country fixed effects additionally control
for persistent national differences. These proce-
dures reduce, but do not eliminate, the influence
of measurement discontinuities. No missing ob-
servations were interpolated or imputed.

2.2. Construction and validation
of the digital indices

The three composite digital-transformation indi-
ces were constructed using principal component
analysis. Before component extraction, all under-
lying indicators were standardized over the pooled
country-year sample:

X, —X,
— Pkt k
Zkit - H
Sk

@)

Table 1. Definitions, measurement, transformations, and sources of the analytical variables

. . Unit or .
Variable Role Definition scale Transformation Source
H : Composite measure Original i StartupBlink. Global Startup
GStartup i Dependent variable of a country’s startup scire Natural logarithm i Ecosystem Index Report
H i ecosystem performance i i (annual editions 2017-2024)
: : PCA-based index of : Component .
HE . H . . . i European Commission, DESI/
DSl ¢ Principal predictor :  enterprise adoption of PC1score : indicators pooled-z- : .
H H . : : . : Digital Decade
H H digital technologies ¢ & standardized " T
‘ ‘ PCA-based index of ‘ Component European Commission, DESI/
DCI i Principal predictor i broadband and 5G PC1score i indicators pooled-z- i B ’

connectivity

DHCI Principal predictor human capital and skills
! Digita ic services for
EGOV* Principal predictor igital DUb.“C Services for
. ..Dusinesses .
R&D Control Exact hauor_wal .R&D
expenditure indicator
GDPpc Control GDPlper capita at .
purchasing power parity
: 1 for selected EU15 :
EU15 Group indicator { economies and 0 for EU11

economies

PCA-based index of digital :

Digital Decade

standaﬂr'dized

indic(:;tz]rrs)or:)i?;dfzf European Commission, DESI/
: P : Digital Decade

standaﬂr'dized

PC1 score

Index None European Commission, DESI/
.. (07100) Digital Decade
. Curre_nt : World Bank, World
i international : None A
H Development Indicators
LT S S
C t
. urre(n ; ) World Bank, World
i international i Natural logarithm .
Development Indicators
N1 S S
Binary None Authors’ classification

Note: * The EGOV series was available for all 23 countries and all eight years, and no missing values were replaced or carried

forward.
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377



Problems and Perspectives in Management, Volume 24, Issue 3, 2026

where x,_ is the value of indicator k for country iin
year t, X , is the pooled sample mean, and s, is the
pooled standard deviation.

PCA was conducted using the correlation matrix
of the standardized indicators. The suitability and
dimensional structure of each indicator set were
evaluated through a comprehensive diagnostic
procedure.

Overall sampling adequacy was assessed using the
Kaiser-Meyer-Olkin statistic. Individual mea-
sures of sampling adequacy were also examined
for each indicator. Bartlett’s test of sphericity was
used to test whether each correlation matrix dif-
fered significantly from an identity matrix. The
number of components was determined primar-
ily through parallel analysis, supplemented by the
Kaiser eigenvalue criterion, the proportion of ex-
plained variance, theoretical coherence, and the
interpretability of component loadings. Parallel
analysis was conducted using 1,000 simulated and
resampled datasets. We prioritized cases where
a second empirical eigenvalue was close to the
conventional threshold of one. For all three fi-
nal indicator sets, only the first observed eigen-
value exceeded the corresponding simulated and
resampled eigenvalues, supporting a one-com-
ponent solution. PC1 component loadings were
used to interpret the contribution of each indica-

tor. Communality was calculated as the squared
PC1 loading and represents the proportion of an
indicator’s variance explained by the retained
component:
b=, €)
where A, is the PCI loading of indicator k.
Uniqueness was calculated as:
u =1-h. (4)
PCA score coefficients (Table 2) were used to cal-
culate the composite index scores, whereas com-
ponent loadings were used for substantive inter-
pretation. Internal consistency was assessed using
standardized Cronbach’s alpha and McDonald’s
omega. Standardized alpha-if-item-deleted statis-
tics were also examined to determine whether re-
moving an indicator materially improved reliabil-
ity. Indicators were not excluded solely to maxi-
mize reliability coefficients when their individual

MSA, PC1 loading, and theoretical contribution
remained acceptable.

The initial DSI specification included seven indica-
tors. The ICT-sustainability indicator was exclud-
ed because the preliminary diagnostics indicated
weak sampling adequacy, weak representation by
the first component, and reduced internal consis-

Table 2. Composition of the PCA-based digital indices

Index : Database variable : Indicator definition Original unit Final status
DsI idt_ai Enterprises using artiﬁ;ial intelligence % of enterprises Retained
technologies
Tosi Tt bigdat e etained
DSl idt_cloud Retained
LSl dt_einv . o
DS : idt_eis Enterprises usingelectronic information- % of enterprises Retained
B R S e L S .
DSI idt_socmed Enterprises using social-media tools Retained
LDSL..dtctsust o ICTsustainablity and digitalization efforts index(0-100) . Excluded
_ba c_mbb i M ‘obile broadba'r)'qﬁpenetration rate 0 §‘L'J‘p“scriptions per 100 inhabitgpys ﬁe}gj}jeg{m N
DCl c_fbbtc Fixed-broadband take-up % of households Retained
..oel c_fobe . ) Retained
_bar desi_5gl H?Qﬂr'eadiness — spectrum assigned forSG %of total harm‘q'r‘lized spectrum 'R.eﬁg‘i'n.gqm N
DCl desi_5g2 >G coverage ~ p:eﬁl\il,zt:lf: covered by 5G % of population Retained
N desi_5g3 5G performance — speed and quality of 5G Index (0-100) Retained
S T S network deployment e e
DCI c_bbpi Broadband-price indicator Index (0—100) Excluded
_..DHCI he_ict e |CT specialists o fo0femployed persons - Retained
~_DHCI hc_bsu "I'p‘q'i‘\{iduals with at I'ga'i‘gp basic digital slf@‘l'l‘s """""""""""" % of i'rj'g:'l‘i'\‘/iduals """" "F.{geﬁg‘i“r}egmm N
DHCI hc_asd Advanced-digital-skills indicator % of population Retained
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tency. The final DSI therefore contains six indica-
tors. The initial DCI specification also included
seven indicators. The broadband-price indicator
was removed because it showed weak correlations
with the remaining indicators and an almost neg-
ligible contribution to the first component. The
final DCI contains six indicators. DHCI retained
all three original indicators because their MSA
values, component loadings, communalities, and
theoretical contributions were acceptable.

The final indices were calculated as weighted sums
of standardized indicators:

X ®)
Index, = Zwkzk”,
k=1

where w, is the PCA score coefficient associated
with the retained first principal component.

The final DSI score is:
DSI, = 0.450z (idt _ai)
+0.434z (idt _ bigdat)
+0.474z (idt _ cloud)

+0.280z (idt _ einv)

(

(

it (6)
+0.333z(idt _eis)
+0.442z(idt Socmed)

it
it
The final DCI score is:

DCI,, =0.490z(c_mbb)

+O.2812(c_fbbtc)

+O.3122(c_fbbc)” )
+0.484z (desi _ Sgl)l_t
+O.367z(desi_5g2)
+0.464z (desi _5g3)

it

it

it
e

The final DHCI score is:

DHCI, =0.609z (hc _ict). -
+0.543z(hc_bsu) o+ 0.577Z(hc_ asd)

i it °

The orientation of each component was checked
to ensure that higher scores consistently repre-
sented stronger digital development. Overall PCA

http://dx.doi.org/10.21511/ppm.24(3).2026.24
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diagnostics are reported in the Results section.
Complete item-level diagnostics, including indi-
vidual MSA values, PC1 loadings, communalities,
uniqueness statistics, score coeflicients, and alpha-
if-item-deleted values, are reported in Appendix A,
Table Al. Panel-model specification and diagnos-
tic tests are reported in Appendix A, Table A2.

2.3. Econometric specification and
statistical inference

The principal model examines the associations be-
tween digital transformation and national startup
ecosystem performance:

Y, =a,+ A + pDSI, + p,DCI, )
+B,DHCI,, + B,EGOV, + B;RD,
+B,InGDPpc, +¢,,

where a denotes country fixed effects, 7\t denotes
year fixed effects, and ¢, is the idiosyncratic error
term.

Country fixed effects control for time-invariant
national characteristics, including historical, in-
stitutional, cultural, and structural differences.
Year fixed effects capture common European mac-
roeconomic shocks, policy changes, technological
developments, and common changes in indicator
methodology. The coefficients of DSI, DCI, DHCI,
and EGOV are used to evaluate HI-H4. A hypoth-
esis is considered supported when the relevant co-
efficient has the predicted positive sign and is sta-
tistically significant at the 5% level in the preferred
CR2 specification. Results with 0.05 < p < 0.10 are
treated as marginal evidence and do not consti-
tute full hypothesis support.

To test whether the digital-transformation associ-
ations differ between the EU11 and selected EU15
economies, the baseline model is extended with
interaction terms:

3
Y, =a,+4,+ Zﬂkait
k=1

3
+Z5k (Dkit -EULS, ) + X;ﬁ s

k=1

(10)

where D,, denotes DSI, DCI, and DHCI, and X,
contains EGOV, R&D, and log GDP per capita.
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The variable EU15, equals one for the selected
EU15 economies and zero for the EU11 economies.
Because EUL11 is the reference group, f3, represents
the slope for EU11. The total slope for the selected
EU15 economies is:

’Bfms = ,Bk +5k'

The time-invariant EU15 indicator is not entered
separately because it is absorbed by the country
fixed effects. The total EU15 slopes are estimated
as formal linear combinations. Their CR2 stan-
dard errors, Satterthwaite-adjusted degrees of
freedom, p-values, and 95% confidence intervals
are calculated using the covariance matrix of the
interaction model.

(11)

Regional heterogeneity is evaluated through the
joint null hypothesis:

H,:6,=0,=06,=0. (12)
Rejection of this null indicates that at least one
digital-transformation slope differs between the
two country groups. A coefficient being statisti-
cally significant in one group but insignificant in
another is not interpreted as evidence of a group
difference unless the corresponding interaction or
formal equality test is significant. No directional
hypothesis is imposed on R&D or GDP per capita.
In particular, a negative contemporaneous R&D
coeflicient is not interpreted as evidence of a nega-
tive causal effect, a positive long-run effect, or an
innovation-lag mechanism.

The hypothesis-testing and empirical identifica-
tion framework, including the corresponding coef-

ficients, restrictions, expected directions, and de-
cision criteria, is summarized in Table 3.

Pooled OLS, fixed-effects, and random-effects
models were initially estimated for specification
comparison. The joint F-test was used to assess
whether country fixed effects were required. The
Breusch-Pagan Lagrange Multiplier test evaluat-
ed whether a panel specification was preferable to
pooled OLS. The Hausman test was used as sup-
plementary evidence when comparing fixed and
random effects. The Hausman test was not treat-
ed as the sole model-selection criterion because it
does not assess serial correlation, heteroskedas-
ticity, or cross-sectional dependence. The fixed-
effects specification was retained as the principal
model because the analysis focuses on within-
country changes and because unobserved country
characteristics may be correlated with both digital
development and startup ecosystem performance.
Cross-sectional dependence was assessed using
the Pesaran CD test. Serial correlation was evalu-
ated using the Wooldridge and Breusch-Godfrey/
Wooldridge procedures. Heteroskedasticity was
examined using the Breusch-Pagan test. Pairwise
correlations and variance inflation factors were
used to assess multicollinearity. Because the panel
contains only 23 country clusters, conventional
cluster-robust standard errors may produce down-
ward-biased standard errors, overly narrow confi-
dence intervals, and over-rejection of null hypoth-
eses. The preferred inference therefore uses CR2
bias-reduced country-clustered standard errors
with Satterthwaite-adjusted degrees of freedom.

For the principal and interaction models, the fol-
lowing are reported:

Table 3. Hypothesis-testing and empirical identification framework

Tested coefficient

Hypothesis or analysis .
yp ¥ or restriction

Expected direction Principal decision criterion

M1 Digital-service adoption . BDSI 1
wni2: Digital connectivity 1 BDC i
...H3: Digital human capital _ ©  BDHCI ...
4 E-government G BEGOY i
....115: Regional heterogeneity  : 6DS|=8DCl=8DHCI=0 :
...EU15 group-specificslopes @ Bk+8k .
Temporal robustness Bk,t-1
R&D and GDP per capita BRD, BGDPpc

_ Positive (p <0.05) under CR2 inference
Positive (p <0.05) under CR2 inference
Positive%:: (p <0.05) under CR2 inference
Positive (p <0.05) under CR2 inference

CR2—-HTZ joint test, (p < 0.05)

CR2 linear contrast and 95% ClI

{ Comparison with one-year-lagged CR2
: model

Reported as controls; no causal

Not predetermined . )
P interpretation

Note: Results with 0.05 < p < 0.10 are classified as marginal evidence.
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1) coeflicient estimates;

2) CR2 standard errors;

3) coeflicient-specific Satterthwaite degrees of
freedom;

4) two-sided p-values;

5) 95% confidence intervals.

The joint significance of the three regional inter-
action terms is assessed using a CR2-adjusted ap-
proximate Hotelling T> Wald test. Conventional
country-clustered results are retained only for
comparison and are not used for the final hy-
pothesis decisions. Driscoll-Kraay standard er-
rors are reported only as supplementary sensitiv-
ity evidence. They are not used as the main infer-
ence procedure because the time dimension con-
tains only eight annual periods. An exploratory
Common Correlated Effects model was consid-
ered but became excessively saturated because of
the short time dimension and the number of re-
gressors and cross-sectional averages. It is there-
fore not used in the final hypothesis assessment.
All analyses were conducted in R. PCA and reli-
ability diagnostics were implemented using the
stats and psych packages. Fixed-effects models
were estimated using fixest, while CR2 standard
errors, Satterthwaite-adjusted tests, linear con-
trasts, and the Hotelling-type joint test were cal-
culated using clubSandwich.

2.4. Endogeneity and robustness
strategy

The observational panel design does not permit
definitive causal identification. Country fixed ef-
fects reduce bias caused by time-invariant cross-
country heterogeneity, while year fixed effects
absorb common European shocks and common
temporal changes. However, these controls do not
eliminate reverse causality, simultaneity, or omit-
ted time-varying factors.

To mitigate temporal-endogeneity concerns and
establish temporal ordering, an additional speci-
fication replaces all contemporaneous explanatory
variables with their one-year lags:

Y,=a,+4 + :31DSII‘,H
+B,DHCI,,_ + B,EGOY,

it-1
+B,InGDPpc; _, +¢,.

+ B,DCI,

it—1

+pRD,,, (13)
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The lagged model retains country and year fixed
effects and uses CR2 country-clustered standard
errors with Satterthwaite-adjusted degrees of free-
dom. Because one annual observation is lost for
each country, the lagged specification is estimated
using 161 country-year observations covering 23
countries and seven effective annual periods. The
lagged specification relates explanatory variables
measured at (f - 1) to startup ecosystem perfor-
mance measured at f. This establishes temporal
ordering and reduces immediate simultaneity
concerns. It does not, however, constitute an in-
strumental-variable strategy and cannot eliminate
reverse causality or omitted-variable bias.

Robustness is evaluated by comparing:

1) the restricted specification containing the
three digital indices;

2) the fully controlled two-way fixed-effects
specification;

3) the EU11-EU15 interaction model;

4) conventional country-clustered inference;

5) CR2 small-cluster-corrected inference;

6) formal EU15 linear combinations;

7) thejoint CR2-HTZ interaction test;

8) the one-year-lagged specification;

9) supplementary Driscoll-Kraay estimates.

The final conclusions are based primarily on the
fully controlled two-way fixed-effects model with
CR2 inference, the group-specific linear combina-
tions, the joint CR2 interaction test, and the one-
year-lagged specification. All estimates are in-
terpreted as conditional associations rather than
causal effects.

3. RESULTS

3.1. Descriptive statistics
and preliminary diagnostics

The final balanced panel contains 184 country-
year observations for 23 European Union econo-
mies over the period 2017-2024. Of these observa-
tions, 88 belong to the EU11 group and 96 to the
12 selected EU15 economies.

The contextual descriptive evidence indicates a
substantial difference in startup ecosystem de-
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Table 4. Descriptive statistics of the analytical variables

‘Median: Minimum Maximum

Variable N
Log startup ecosystem score (GStartup_log) ; 184
Services Index (DSI) 184
Digital Connectivity Index (DCI) """"""" 184
Digital Human Capital Index (DHCI) 184
184
,,,,,,,,,,,,,,,, e
Log GDP per capita (In_GDPpc) 184

6.39
3
100.00
5%

11.82

Note: DSI, DCI, and DHCI are first-principal-component scores constructed from pooled standardized indicators. Their means
are approximately zero by construction. GStartup_log and In_GDPpc are natural-logarithmic transformations.

velopment between the two groups. The selected
EUI15 economies had an average startup ecosys-
tem score of 12.40, compared with 6.17 in the
EU11 group. Their mean startup-ranking position
was also stronger, at 16.23 compared with 37.72 for
EU11, where a lower rank represents a better po-
sition. The corresponding aggregate DESI means
were 52.34 and 39.68. These differences provide
descriptive evidence of intergroup heterogeneity
but do not establish the independent contribution
of particular digital dimensions.

Table 4 reports the descriptive statistics for
the variables used in the econometric analysis.
Because the three PCA indices were constructed
from pooled standardized indicators, their sample
means are approximately zero.

3.2. Validation of the PCA-based
digital indices

The suitability of the final indicator sets for PCA
was evaluated using the Kaiser-Meyer-Olkin
measure and Bartlett’s test of sphericity. The
overall KMO statistics were 0.768 for DSI, 0.802
for DCI, and 0.667 for DHCI. All individual
measures of sampling adequacy exceeded 0.60,
with item-level MSA values ranging from 0.659
to 0.856 for DSI, from 0.699 to 0.854 for DCI,
and from 0.610 to 0.770 for DHCI. Bartlett’s
tests rejected the null hypothesis that the re-
spective correlation matrices were identity ma-

Table 5. Overall PCA and reliability diagnostics

trices. The results were statistically significant
for DSI, x*(15) = 456.970, p < 0.001; DCI, x*(15) =
856.901, p < 0.001; and DHCI, x*(3) = 317.714, p
< 0.001. Thus, the retained indicators contained
sufficient shared correlation for component ex-
traction. Parallel analysis based on 1,000 itera-
tions recommended one component for each fi-
nal indicator set. For DSI and DCI, the second
empirical eigenvalues were close to the Kaiser
threshold of one, at 1.052 and 1.001, respectively.
However, both remained below the correspond-
ing simulated and resampled eigenvalues. Only
the first empirical component was retained for
each index. The same one-component pattern
was obtained for DHCI.

The first component explained 54.65% of the to-
tal variance in DSI, 62.17% in DCI, and 79.84% in
DHCI. All retained indicators had positive PCl
loadings exceeding 0.50. DSI loadings ranged
from 0.508 for electronic invoicing to 0.858 for
cloud-technology adoption. DCI loadings ranged
from 0.543 for fixed-broadband take-up to 0.946
for mobile broadband. DHCI loadings were uni-
formly strong, ranging from 0.841 to 0.943.

Internal-consistency estimates were also satis-
factory. Standardized Cronbach’s alpha equaled
0.825 for DSI, 0.867 for DCI, and 0.873 for DHCI.
McDonald’s omega values were 0.834, 0.882, and
0.882, respectively. The overall PCA and reliability
diagnostics are summarized in Table 5.

Index ltems Overall Bartlett Df p-value PC1 : PC1 Standardized %McDonaId's
: KMO | (\chi?) : : eigenvalue :variance: (\alpha) : (\omega)
DSl 0768 i 456970 : 15 : <0.001 : 3279 i 54.65% : 0.825 {0834
0 0802 . 856901 | 15 . <0001 3730  6217% 0867 . 0882
DHCI 0.667 317.714 3 : <0.001 2.395 i 79.84% 0.873 0.882
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The complete item-level results, including individ-
ual MSA values, loadings, communalities, unique-
ness values, score coefficients, and alpha-if-item-
deleted diagnostics, are reported in Appendix A,
Table Al. These results show that some indicators,
particularly electronic invoicing and fixed-broad-
band take-up, had lower communalities than the
other retained variables. Nevertheless, their load-
ings and MSA values remained acceptable, and
their retention preserved the conceptual breadth
of the indices.

3.3. Baseline two-way fixed-effects
results

The preferred baseline specification includes coun-
try and year fixed effects and controls for e-gov-
ernment, R&D intensity, and log GDP per capita
(Table 6). Because the analysis contains only 23
country clusters, the principal statistical inference
is based on CR2 bias-reduced country-clustered
standard errors and Satterthwaite-adjusted de-
grees of freedom. The DSI coefficient was positive,
with an estimate of 0.0834. Under conventional
country-clustered inference, this coefficient was
significant at the 5% level. However, after applying
the CR2 small-cluster correction, its standard er-
ror increased to 0.0414 and the p-value increased to
0.082. The 95% confidence interval, from —0.0136
to 0.1804, included zero. The DSI result therefore
represents marginal positive evidence at the 10%
level but does not satisfy the study’s prespecified
5% criterion for supporting H1. DCI and DHCI
also had positive coeflicients, but neither was sta-
tistically significant. The DCI estimate was 0.0285
(p = 0.440), while the DHCI estimate was 0.1049 (p
= 0.194). The corresponding confidence intervals
included zero. E-government had a small positive
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coefficient of 0.0035 but was statistically insignifi-
cant (p = 0.645). Accordingly, the preferred base-
line model does not provide evidence of an inde-
pendent association between e-government devel-
opment and startup ecosystem performance. R&D
intensity had a negative coefficient of —0.0145. The
CR2-adjusted p-value was 0.053, and the 95% con-
fidence interval was [-0.0295, 0.0004]. This result
is marginal at the 10% level but is not statistically
significant at 5%. Log GDP per capita was also sta-
tistically insignificant.

Standard errors are clustered by country us-
ing the CR2 bias-reduced correction. P-values
and confidence intervals use coefficient-specific
Satterthwaite-adjusted degrees of freedom. The
change from conventional clustered inference to
CR2 inference materially affected the interpre-
tation of the results. In particular, DSI changed
from significant at 5% to marginal at 10%, while
the strong conventional significance of R&D was
reduced to a marginal result. This confirms the
importance of correcting for the limited number
of country clusters.

3.4.Regional heterogeneity
between EU11 and selected EU15
economies

The interaction model examines whether the DSI,
DCI, and DHCI slopes differ between the EU11
and selected EU15 groups (Table 7). EU11 is the
reference category. Therefore, the main digital-in-
dex coefficients represent the EU11 slopes, while
the interaction coeflicients represent differences
between the selected EU15 and EU11 slopes. For
EU11, DSI had a positive but statistically insignifi-
cant slope of 0.0656 (p = 0.422). DCI had a nega-

Table 6. Baseline two-way fixed-effects model with CR2 inference

Variable Estimate CR2 SE Satterthwaite df p-value Lower 95% Cl | Upper 95% Cl
DSl 00834 0044 IR L0082 Te018e
bl 00285 : .00k L 1069, L2440 5700408
DHCI 01049 0194

E-government 00035 00072

R&D intensity 700145 | 00037
Log GDP per capita 707337 | ...06170
Country fixed effects | Yes Within (R)
Year fixed effects oYes L. RMSE
Observations 184 Countries :

0645
0053
i 0:260

. Adjusted (R?

23 - : - ; -

Note: The dependent variable is the natural logarithm of the national startup ecosystem score.
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tive and statistically significant slope of —0.1509
(p = 0.0145), with a 95% confidence interval of
[-0.2652, —0.0366]. DHCI had a positive but insig-
nificant EU11 slope of 0.0586 (p = 0.523).

The DCI x EUI5 interaction was positive and sta-
tistically significant. Its estimate was 0.1600, with a
CR2 standard error of 0.0451 and p = 0.0038. This
indicates that the DCI slope was significantly high-
er in the selected EU15 economies than in EU11.
In contrast, the DSI x EU15 and DHCI x EU15 in-
teractions were statistically insignificant. The total
slopes for selected EU15 were calculated as formal
linear combinations of the EU11 coeflicient and the
relevant interaction. The selected EU15 DSI slope
was 0.0307 and was not statistically significant (p
= 0.272). The total DCI slope was 0.0092 and was
also insignificant (p = 0.690). Thus, while DCI was
negatively associated with startup ecosystem per-
formance in EU11, its estimated slope was approxi-
mately zero in selected EU15. The selected EU15
DHCI slope was positive and statistically signifi-
cant, at 0.1069 (p = 0.0368, 95% CI [0.0080, 0.2059]).
However, the DHCI x EU15 interaction itself was
insignificant. Consequently, DHCI showed a signif-
icant positive within-group slope in selected EU15,
but the difference between the EUI5 and EUlI
DHCI slopes was not statistically established.

The three interaction terms were also tested
jointly (Table 8). The CR2-adjusted approximate
Hotelling T test rejected the joint null hypothesis

that all three interaction coeflicients were equal to
Zero: FHTZ(S, 8.41) = 5.01, p = 0.0285.

The joint test provides evidence that the set of
digital slopes differs between the two groups.
Nevertheless, the coefficient-specific results show
that this heterogeneity is concentrated primar-
ily in DCI. The differences in the DSI and DHCI
slopes were not statistically significant.

The interaction model also had stronger within-
sample fit than the baseline specification. Its with-
in R? increased from 0.314 to 0.535, while RMSE
declined from 0.153 to 0.126. This indicates that
allowing the digital slopes to differ between the
two groups captures additional within-country
variation. It does not, however, establish that the
interaction model has superior causal validity.

3.5. One-year-lagged specification

A one-year-lagged model was estimated to strength-
en temporal ordering and reduce immediate simul-
taneity concerns (Table 9). Because the first obser-
vation for each country was lost after lagging, this
specification contains 161 observations for 23 coun-
tries over seven effective annual periods. Lagged
DSI retained a positive coeflicient of 0.1171. Under
CR2 inference, its p-value was 0.0817 and its con-
fidence interval included zero. The result is there-
fore marginal at the 10% level, closely matching the
conclusion from the contemporaneous baseline

Table 7. Group-specific digital slopes and EU11-EU15 differences

Index DSI DCI DHCI
EUllslope 0.0656 ~0.1509 .. 0086
OR2SE 0.0755 0.0517 ..ovsso
EUllp-value L 0a L ootas S s S
EULLOS%Cl [70.1246, 0.2558] [70.2652, ~0.0366] ... [701426,02598]
Selected EUI5slope 0.0307 0.0092 O
CR2SE 00248 00222
EUlspvalue o . 0272 . 0690 00368
BUISOS%C 170.0338,0.0052] 1700407, 0.0590] ....10.0080,0.2059) .
EU15-EUll difference 00349 0.1600 L0048
Difference p-value 0.674 0.0038 0.626

Note: EU11 is the reference group. Selected EU15 slopes are calculated as (Bk + 6k). All tests and confidence intervals use CR2
country-clustered inference with Satterthwaite-adjusted degrees of freedom.

Table 8. Joint CR2 test of the regional interaction terms

Joint null hypothesis Test

. F-statistic

‘ Numerator df : Denominator df p-value

DSI x EU15 =DCI x EU15=DHCIx EU15=0 : CR2-HTZ 5.01

3 8.41 0.0285
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Table 9. Contemporaneous and one-year-lagged estimates with CR2 inference

Variable Contem_poraneous %Contemporaneousi La_gged iLagged CR2§ Lagged df Lagged iLagged 95% CI
estimate p-value . estimate SE : : p-value :

st 00834 L0082 101171 00593 1 847 . 00817 [-00183 0.2526]
Do ..0:0285 ...0440 o .0..0026 00374 ¢ ...1097  :.0492 :[-0.0557 0.1088]
DHCI ..0.1049 L0194 ....00486 01070 1599 0 .0.656 :[-0.1782 0.2754]
.E-government ...0.0035 0645 . 0.0042 . 489 ..1.0554 [70.0129,0.0213]
.R&D intensity ..20.0145 .0085]
tggitGBDP per ~0.7337 -2.7913, 1.0485]
Observations 18 '
_Countries 23
Effective :
_periods ¢
Country fixed
efects e
Year fixed Yes
effects .
W 0.314 )
Adjusted (R) 0.923
RMSE 0.153

Note: The lagged model relates explanatory variables measured at (t — 1) to startup ecosystem performance measured
at t. Both specifications use CR2 standard errors and Satterthwaite-adjusted inference.

model. Lagged DCI and DHCI were positive but
statistically insignificant. Lagged e-government
was also insignificant. Lagged R&D retained a neg-
ative coeflicient, but its p-value increased to 0.138.
Consequently, the negative contemporaneous R&D
result was not robust to temporal lagging. Lagged
GDP per capita was also statistically insignificant.

The consistency of the positive DSI sign across the
contemporaneous and lagged models provides
limited evidence of temporal robustness. However,
neither estimate reaches statistical significance at
the 5% level. The lagged specification improves

temporal ordering but does not eliminate reverse
causality or omitted time-varying factors.

3.6.Summary of hypothesis testing

Hypothesis decisions (Table 10) were based on the
preferred two-way fixed-effects models with CR2
inference and a 5% significance threshold. Results
significant only at 10% were classified as marginal
evidence rather than full hypothesis support.

Taken together, the preferred results do not identi-
ty a digital predictor that is statistically significant

Table 10. Summary of hypothesis testing

Hypothesis

Main empirical evidence

Decision

H1. DSl is positively associated with startup
ecosystem performance

H2. DCl is positively associated with startup
ecosystem performance

H3. DHCl is positively associated with startup
ecosystem performance

H4. E-government is positively associated with
startup ecosystem performance

HS5. Digital-transformation relationships differ
between EU11 and selected EU15

R&D control result

Baseline B = 0.0834, (p = 0.082); lagged B =
0.1171, (p = 0.0817)

Baseline (p = 0.440); negative EU11 slope and
approximately zero EU15 slope

Baseline (p = 0.194); positive significant slope
within EU15, but insignificant DHCI interaction

Baseline (p = 0.645); lagged (p = 0.554)

Joint CR2—HTZ (p = 0.0285); significant
DCl interaction; insignificant DSI and DHCI
interactions

Baseline (p = 0.053); lagged (p = 0.138)

i Not supported at 5%; marginal

positive evidence

Not supported in the full
sample; group-specific
evidence for selected EU15

Marginal contemporaneous
evidence; not temporally
robust
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at the 5% level in the full-sample baseline model.
DSI provides consistent but only marginal posi-
tive evidence in the contemporaneous and one-
year-lagged specifications. The strongest com-
parative finding concerns DCI, whose estimated
slope differs significantly between EUI1 and se-
lected EU15. DHCI has a positive significant slope
within selected EU15, but the formal difference
between the two regional slopes is not significant.
E-government does not show an independent as-
sociation, while the negative contemporaneous
R&D estimate is not robust to lagging.

The findings therefore support an interpretation
of heterogeneous conditional associations rather
than uniform or causal effects of digital transfor-
mation on startup ecosystem performance.

4. DISCUSSION

This study examined how different dimensions of
digital transformation relate to national startup
ecosystem performance and whether these rela-
tionships differ between the EU11 and selected
EU15 economies. The findings indicate that digi-
tal transformation is not a uniform construct.
Business adoption of digital technologies shows
the most stable positive association with startup
ecosystem performance, whereas digital connec-
tivity, digital human capital, and e-government
are statistically insignificant in the full-sample
baseline model. Regional heterogeneity is concen-
trated primarily in digital connectivity.

The DSI coeflicient was positive in both the con-
temporaneous and one-year-lagged specifications.
However, under the preferred CR2 small-cluster-
corrected inference, both results were only margin-
ally significant: the baseline estimate was 0.0834
(p=0.082), and the lagged estimate was 0.1171 (p =
0.0817). H1 was therefore not supported at the pre-
specified 5% level, although the stable positive sign
provides limited evidence that the practical use of
digital technologies may be associated with stron-
ger startup ecosystem performance. DSI includes
artificial intelligence, big data analytics, cloud
computing, electronic invoicing, electronic infor-
mation-sharing systems, and social media tools.
These technologies may reduce coordination and
transaction costs, improve access to information
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and markets, and support scalable business mod-
els (Nambisan, 2017; Autio et al., 2018; Dabbous
etal., 2023). Nevertheless, the confidence intervals
include zero, and the estimates do not establish a
causal effect.

No statistically significant difference was found
between the EU11 and selected EU15 DSI slopes.
Digital connectivity was also insignificant in the
full-sample model, and H2 was not supported.
However, DCI had a significantly negative slope in
EUI11 and an approximately zero slope in selected
EU15, while the difference between the groups was
statistically significant. The joint CR2-HTZ test
also confirmed regional heterogeneity across the
interaction terms. This finding should not be in-
terpreted as evidence that connectivity harms en-
trepreneurship. It may instead indicate that infra-
structure does not automatically generate entre-
preneurial outcomes without complementary firm
adoption, financing, managerial capacity, digital
skills, and institutional support. This interpreta-
tion is consistent with evidence that Central and
Eastern European digital entrepreneurial ecosys-
tems differ in their capacity to convert digital re-
sources into entrepreneurial performance (Szerb
et al., 2024).

DHCI was positive but statistically insignificant in
the full-sample model, and H3 was rejected. Its to-
tal slope was nevertheless positive and significant
within the selected EU15 group. This may sug-
gest that digital skills and ICT-specialist capacity
are more readily connected to entrepreneurship
where mature innovation, financing, and busi-
ness-support institutions are present. However,
the DHCI x EUI15 interaction was insignificant.
The study therefore identifies a positive association
within selected EU15 but does not establish that
the DHCI relationship differs statistically between
the two country groups. The relatively strong cor-
relation between DSI and DHCI may also indicate
complementarity between digital skills and firms’
practical adoption of technologies, although no
mediation or complementarity mechanism was
formally tested.

E-government did not show a statistically signifi-
cant independent association with startup ecosys-
tem performance in the baseline model of 184 ob-
servations. H4 was therefore not supported. This
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result does not imply that digital public services
are irrelevant to entrepreneurship. Their potential
contribution may occur through reduced admin-
istrative burdens, greater transparency, service in-
teroperability, and actual business use, which may
not be fully captured by an aggregate national in-
dicator (Ha, 2024).

R&D intensity had a negative contemporaneous
coefficient, but the result was only marginally sig-
nificantunder CR2 inference (p = 0.053). Moreover,
the one-year-lagged R&D coefficient was statisti-
cally insignificant. The relationship was therefore
not temporally robust and should not be inter-
preted as evidence that R&D expenditure reduc-
es entrepreneurship. Endogenous growth theory
associates research investment with technologi-
cal change and long-term innovation, but these
effects may require time and effective commer-
cialization institutions (Romer, 1990; Aghion &
Howitt, 2009; Hall et al., 2010). The present analy-
sis does not directly measure technology transfer,
patents, university spin-offs, venture financing,
or commercialization and therefore cannot con-
firm an innovation-lag or commercialization-gap
mechanism.

The comparison between conventional country-
clustered and CR2 inference is methodologi-
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cally important. Conventional clustered stan-
dard errors suggested stronger significance for
DSI and R&D, whereas the CR2 correction with
Satterthwaite-adjusted degrees of freedom pro-
duced more conservative conclusions. With on-
ly 23 country clusters, the CR2 results provide a
more appropriate basis for hypothesis assessment.
The one-year-lagged model strengthens temporal
ordering but does not eliminate reverse causality
or omitted time-varying factors.

Overall, the findings show that digital transforma-
tion dimensions are not interchangeable. Business
digital adoption provideslimited positive evidence,
connectivity displays substantial regional hetero-
geneity, and digital human capital is positively as-
sociated with startup ecosystem performance only
within the selected EU15 group. Policy strategies
may therefore consider combining infrastructure
investment with support for firm-level technology
adoption, digital skills, startup finance, manage-
rial capabilities, and technology-transfer mecha-
nisms. However, because the analysis is observa-
tional, these implications should be understood as
areas for policy evaluation rather than evidence
of the causal effectiveness of particular interven-
tions. Future research should employ longer pan-
els, more granular firm- or regional-level data,
and stronger identification strategies.

CONCLUSION

This study examined the associations between multidimensional digital transformation and national
startup ecosystem performance in 23 European Union economies over the period 2017-2024.

The results do not support the conclusion that all dimensions of digital transformation are uniformly
associated with stronger startup ecosystems. DSI produced the most consistent positive pattern, but its
contemporaneous and lagged coefficients were only marginally significant under CR2 inference. H1
was therefore not supported at the prespecified 5% level, although the results provide limited evidence
that firms’ practical adoption of artificial intelligence, cloud services, data analytics, electronic business
systems, and related technologies may be associated with startup ecosystem performance.

DCI, DHCI, and e-government were statistically insignificant in the full-sample baseline model.
Accordingly, H2-H4 were not supported. Nevertheless, the regional analysis revealed important hetero-
geneity. DCI had a negative conditional association in the EU11 group and an approximately zero total
slope in the selected EU15 economies. The difference between these slopes was statistically significant,
and the three interaction terms were jointly significant under the CR2-adjusted HTZ test. H5 was there-
fore partially supported, with regional heterogeneity concentrated primarily in connectivity. DHCI had
a positive and statistically significant total slope within the selected EU15 group. However, the DHCI
interaction was insignificant, meaning that the analysis did not establish a statistically significant dif-

387

http://dx.doi.org/10.21511/ppm.24(3).2026.24



Problems and Perspectives in Management, Volume 24, Issue 3, 2026

ference between the selected EU15 and EUI1 slopes. This distinction demonstrates the importance of
reporting complete group-specific linear combinations rather than inferring regional differences from
significance within only one group. R&D intensity showed a negative contemporaneous coeflicient that
was marginally significant under CR2 inference, but the corresponding lagged coeflicient was insignifi-
cant. The result is therefore not temporally robust and should not be interpreted as evidence that R&D
expenditure reduces entrepreneurial performance or as confirmation of an innovation-lag mechanism.
Similarly, the absence of a significant e-government coeflicient does not demonstrate that digital public
services are irrelevant, because their contribution may depend on service quality, business use, institu-
tional conditions, and indirect transmission mechanisms not captured by the model.

The findings have two broader implications. First, business adoption, digital infrastructure, and human
capital should not be treated as interchangeable dimensions of digital transformation. Second, connec-
tivity alone may be insufficient to generate entrepreneurial outcomes without complementary firm capa-
bilities, skilled labor, financing, managerial capacity, and commercialization institutions. Policymakers
may therefore consider evaluating integrated digital strategies that connect infrastructure development
with business adoption, digital skills, startup finance, and technology-transfer support. These implica-
tions identify areas for further policy evaluation rather than demonstrating the causal effectiveness of
particular interventions.

The study is limited by its short time dimension, small number of country clusters, reliance on
national aggregate indicators, possible changes in digital-indicator definitions over time, and the
persistence of reverse causality and omitted time-varying factors. Although fixed effects, CR2 in-
ference, and lagged predictors reduce selected methodological concerns, the estimates remain con-
ditional associations. Future research should use longer panels, firm- or regional-level observa-
tions, direct measures of commercialization and technology transfer, and stronger causal identifi-
cation strategies. Overall, the evidence indicates that the relationship between digital transforma-
tion and entrepreneurship is multidimensional and context-dependent rather than uniform across
European economies.
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APPENDIX A

Table Al. Indicator-level PCA diagnostics

Index Indicator Indl\ll\I/:;l.\ual PC1 loading Communality %Uniqueness% co::f?:iint :L’I):taelt:
...... DS ; idt_ai ; 0.856 ; 0.815 0450 0773
...... DS idt_bigdat 0.775 0.786 0.434 0.786
DSI idt_cloud 0.716 0.858 0.474 0.761
g deine 0653 0508 o2s0 T ogas
...... DS idt_eis 0.782 0.602 0333 = 0.82%
...... DSI idt_spcmed O.H796 04“800 O.'442 0.780
...... DCl c_mbb 0.800 0.946 0490 = 0.806
DCI c_fbbtc 0.699 0.543 0.281 0.882
Cea e osse o o3z oes
...... DCl desi_5g1 0.842 0.935 0484 . 0810
DCI desi_5g2 0.849 0.708 0.367 0.861
U desi 5g3 0760 0.857 oags 08
...... DHCI hc_ict 0.610 0.943 0609 | 0728
...... DHCI thbsu 0.770 0.841 / ) 0.543 i 0.89%
DHCI : hc_asd : 0.667 : 0.894 : 0.799 : 0.201 : 0.577 : 0.825
Table A2. Panel-model specification and diagnostic tests
Diagnostic Null Test .
tgest hypothesis . statistic df p-value Interpretation
Jsgr:]tni;tle;i;zr All country fixed effects are H H ¢ Thenullis rejected. Country fixed

F=41325 22148 ! <0.001 ¢ effects are jointly significant, and

............. effects - Jomiveaultozero pooled OLSisinadequate
: ) : The null is rejected. A panel-data
B h-P i Th -level : ; :
reusch-ragan : eres no country-feve x> =431.78 1 : <0.001 i specification is preferred to pooled
LM test : panel effect : : H
..................................... : . . - . LOLs
The nullis not rejected. The test does
: : : : not identify a systematic difference
Hausman test | The rand_om-eff_ects i oy¢=4042 0 13 0.991 i between FE and RE estimates. FE is
i estimatoris consistent : : : . - )
H H H H retained on theoretical and design
.................................................. . grounds
. . Cross-sectional dependence is not
The regression residuals : : detected at the 5% level, although
Pesaran CD test are cross-sectionally (z=-1.705) - 0.088 - oo ! g
) weak evidence is present at the 10%
independent
...................................................................................... . . |eve' .
Wooldridge There is no first-order serial The null is rejected; Strong first-order
test for serial ) (F=47.538) 1.22 0.001 within-country serial correlation is
. correlation
......... correlation . ) . detected
Studentized The regression errors are : : HZ:ntizkg‘ialsetz/gItvbILthntc:en:JeiEtltEd
Breusch-Pagan & ) BP =22.30 13 0.051 27 N )
test homoskedastic provides marginal evidence of
...................................................................................... heteroskedasticity at the 10% level
) ) ) The null is rejected, confirming
B h—Godf Th | lati o :
reusc ) odfrey/ 'ere |S4 n.o sera c9rre aton x°=32.30 8 <0.001 substantial within-country serial
Wooldridge test in the idiosyncratic errors )
..................................... . . correlation
.Maxn“_num ) No severe multicollinearity : : All VIF values are below 5; severe
variance inflation :  among the explanatory 3.98 H - H - . o .
: A : : : multicollinearity is not indicated
factor H variables

Note: The joint F-test and Breusch-Pagan LM test reject pooled OLS and confirm the relevance of country-level panel effects.
Although the Hausman test does not reject the consistency of the random-effects estimator, the two-way fixed-effects model
is retained because the analysis focuses on within-country variation and unobserved national characteristics may be corre-
lated with the explanatory variables. The strong evidence of serial correlation, together with marginal evidence of heteroske-
dasticity and the limited number of country clusters, motivates the use of CR2 bias-reduced country-clustered standard errors
with Satterthwaite-adjusted degrees of freedom.
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