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Abstract

This study analyzes the impact of digitalization, green transformation, financial access, 
and institutional support on agricultural labor productivity in transition economies 
of Eastern Europe and the Caucasus. Panel data for six countries (2000–2024) were 
examined using fixed and random effects models, with robustness checks using the 
Driscoll–Kraay estimator. Results show that digitalization and financial access con‑
sistently enhance productivity at the panel level (0.141; p < 0.01), while institutional 
factors do not show a consistent direct effect once temporal trends are removed (0.050,  
p > 0.05), though they may strengthen resilience indirectly. In contrast, the Green 
Index exerts a significant negative effect (–1.848; p < 0.01), reflecting substantial tran‑
sitional costs of ecological modernization. Country fixed effects reveal heterogeneity: 
Moldova (+0.1106) shows the highest positive deviation, while Armenia (–0.0365), 
Azerbaijan (–0.0749), and Kazakhstan (–0.0382) exhibit negative deviations. Ukraine 
(+0.0176) and Georgia (+0.0028) remain close to the panel mean. Country specific re‑
gressions reveal both commonalities and divergences. In Moldova, institutional quality 
(0.265, p < 0.001), digitalization (0.033, p = 0.026), and green practices (–0.462, p < 
0.001) significantly shape productivity, while finance is excluded. In Armenia, institu‑
tional quality (0.469, p = 0.001) and green practices (–0.502, p = 0.001) remain signifi‑
cant, but finance enters negatively (–0.855, p = 0.050), and digitalization is excluded. 
Digitalization and finance are immediate productivity enhancers at the regional level, 
but their role varies by country. Ecological modernization imposes short term costs 
and requires compensatory policies.
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INTRODUCTION

According to the United Nations Development Programme [UNDP] 
(2021), the agri‑food sector in Eastern Europe faces double pressure: 
the need to increase productivity while meeting the requirements of 
sustainable development. Green transformation – renewable energy, 
energy efficiency, waste recycling, and environmental certification – is 
a necessary condition for fulfilling international climate commitments, 
yet it creates additional costs for enterprises and reduces short‑term ef‑
ficiency. FAOSTAT (2023) shows that average labor productivity in 
Moldova’s and Armenia’s agricultural sectors is about 5,000 USD per 
employee, which is lower than in neighboring EU countries. At the 
same time, World Bank (2024) data reveal high energy intensity of 
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production and significant CO
2
 emissions per unit of output, underscoring environmental inefficiency. 

Investment in “green” technologies, according to UNDP (2021), amounts to only 1–2% of GDP, which 
is insufficient to offset transitional productivity losses. Ecological modernization can simultaneously 
reduce environmental footprint and strengthen competitiveness, but only if supported by coordinated 
policy frameworks and adequate financial access. For the transition economies of Eastern Europe, the 
key challenge is to integrate green strategies into a single development model, ensuring that ecological 
requirements do not conflict with economic efficiency. That is why studying the balance between envi‑
ronmental transformation and agricultural productivity has practical significance for shaping policies 
that guarantee the sector’s sustainability and resilience.

At the same time, the experience of transition economies shows that neither digitalization nor green 
transformation alone can ensure sustainable competitiveness. While ecological modernization is essen‑
tial for meeting climate commitments, its short‑term costs can be mitigated only when combined with 
digital tools that optimize resource use, reduce transaction costs, and improve monitoring of environ‑
mental performance. Integrating ICT solutions with renewable energy adoption, energy efficiency mea‑
sures, and eco‑certification creates synergies that allow the agri‑food sector to simultaneously enhance 
productivity and reduce its ecological footprint. Thus, the balance between digital and green strategies 
is not a matter of choice but of necessity, as only their joint implementation can guarantee resilience and 
long‑term sustainability in the sector.

Moldova and Armenia are illustrative examples of how the agri‑food sector in transition economies is 
facing the challenges of green transformation. In both countries, investment in green technologies re‑
mains low (1–2% of GDP), which does not fully offset the short‑term costs of implementing green prac‑
tices. At the same time, these countries are demonstrating gradual productivity growth through a com‑
bination of financial support and institutional reforms that create conditions for integrating renewable 
energy, energy efficiency, and environmental certification into production processes. Moldova is distin‑
guished by a high level of institutional support that facilitates enterprises’ adaptation to environmental 
standards. At the same time, Armenia demonstrates positive results by combining green modernization 
with reforms in governance and access to finance. That is why these countries are vivid examples of how 
green transformation, despite short‑term costs, can become the basis for the long‑term sustainability 
and competitiveness of the agri‑food sector in the region.

1. LITERATURE REVIEW

Recent studies have emphasized the structural 
and regulatory dimensions of agri‑food trans‑
formation in Eastern Europe. Clustering strate‑
gies have been shown to enhance competitiveness 
and position the sector as a global player (Sitnicki 
et al., 2024). Targeted policy instruments such 
as CAP eco‑schemes can simultaneously lower 
costs and strengthen resilience in EU agriculture 
(Pimenow et al., 2026). Agri‑environmental risk 
drivers under the EUDR framework highlight fi‑
nancial risks and readiness challenges in Eastern 
European countries (Sitnicki et al., 2026). The war 
in Ukraine has accelerated renewable deployment 
in Europe, reframing energy dependency into en‑
ergy security (Vasylieva et al., 2025). Advances in 
government AI readiness further strengthen en‑

ergy security, linking digital governance with re‑
silience in the energy sector (Kuzior et al., 2025). 
Together, these studies underscore that, beyond 
digital practices, the future of the agri‑food sec‑
tor is increasingly determined by green business 
models: structural clustering strategies, energy‑
efficiency policies, regulatory‑compliance capaci‑
ties, and broader energy‑security dynamics.

The literature on financial mechanisms and ESG 
practices also highlights their role in enabling 
green modernization in agribusiness. Venture 
capital is identified as a critical factor for the de‑
velopment of green and digital energy startups 
(Bilan & Halynskyi, 2026), while financial instru‑
ments such as feed‑in tariffs and power purchase 
agreements stimulate investment in renewable 
energy (Lyeonov & Moroz, 2025). Studies show 
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that green finance increases the competitiveness 
of agri‑food SMEs in Eastern Europe, while ESG 
practices drive corporate performance in both de‑
veloping countries and green companies (Ramada 
et al., 2026; Shafitranata et al., 2026). In addition, 
corporate governance and the use of sustainabil‑
ity bonds reduce labor costs and stimulate green 
investments (Rohman et al., 2026). Moreover, ac‑
cess to credit directly contributes to business value 
added in SMEs (Ivashchenko et al., 2023), while 
macroeconomic conditions significantly shape the 
effectiveness of green investments (Mkrtchyan et 
al., 2025). Institutional aspects of nongovernmen‑
tal organizations in economic sectors also play a 
role in shaping the environment for financial and 
green modernization (Vakhovych et al., 2026). 
Taken together, financial mechanisms and ESG 
strategies are not only instruments of support 
but also foundations for the long‑term success of 
green agribusiness, ensuring that ecological trans‑
formation becomes a driver of productivity and 
resilience in transition economies.

Research on digital transformation and institu‑
tional change follows a common logic: digitaliza‑
tion is becoming a key driver of governance mod‑
ernization, but it also creates new challenges for 
SME productivity. The use of artificial intelligence 
in the energy sector shows how technology can 
support green growth strategies (Abou‑Moghli, 
2026), while the transformation of accounting is 
shaping the intellectual framework for sustainable 
development (Asare, 2025). In the agri‑food sector, 
digitalization is increasingly linked to ecological 
modernization, in which smart technologies en‑
able the integration of renewable energy, energy 
efficiency, and sustainable certification practices. 
Studies highlight that digital governance and the 
role of artificial intelligence in development are 
changing the political economy of public goods 
(Kafoe et al., 2026). Moreover, the digitalization 
of government management processes in the con‑
text of sustainable development demonstrates that 
technology transforms not only business envi‑
ronments but also public administration practic‑
es, creating new opportunities for transparency 
and efficiency (Sira & Kuzior, 2025). Regarding 
SME tax behavior, digital tools, including e‑filing, 
have been shown to increase trust in institutions 
and reduce compliance costs (Safelia et al., 2026). 
Thus, digitalization is reshaping institutions and 

governance. However, its greatest potential in 
agri‑food SMEs lies in supporting green busi‑
ness models: combining ecological practices with 
technological innovation to increase productivity 
and ensure long‑term sustainability. In research 
on Agriculture 4.0 and agri‑food SMEs, there is 
a clear trend toward integrating digital and green 
strategies as complementary drivers of productiv‑
ity and resilience.

Research on organizational culture and human 
factors emphasizes that employee and consumer 
behavior shapes the effectiveness of digital and 
green transformations. Voluntary “green” behav‑
ior in the workplace, supported by human re‑
source management practices, creates a favorable 
climate for leadership and employee satisfaction 
(Dharma et al., 2025). Digital leadership, in turn, 
increases staff productivity by acting through the 
mediating mechanisms of digital self‑efficacy and 
motivation (Mamdouh et al., 2025). At the con‑
sumer market level, environmental awareness and 
green marketing determine the socio‑economic 
outcomes of sustainability, as consumer behavior 
influences demand for green goods and practices 
(Rawal & Joshi, 2025). In addition, recent studies 
show that human factors extend beyond employ‑
ee and consumer behavior to include managerial 
risks: ranking profitability and cost indicators of 
agribusinesses provides insights into efficiency 
and competitiveness (Hnatenko & Konieczny, 
2023), while migration risks in agro‑industrial 
enterprises highlight vulnerabilities in workforce 
management (Hnatenko & Tanchyk, 2024). At the 
same time, inter‑organizational knowledge trans‑
fer practices foster innovation and enhance SMEs’ 
ability to adapt to digital and green transforma‑
tions (Bencsik & Belas, 2025). Thus, human factors 
(from internal organizational culture to external 
consumer behavior, and further to managerial 
risks) are critical to successfully balancing digital 
and green transitions in SMEs.

Regarding external challenges and technological 
solutions, the focus is on the resilience of transi‑
tion economies and the role of innovation in over‑
coming crises. Food security research shows that 
geopolitical risks pose significant threats to global 
supply chains (Mehibel et al., 2025), while analysis 
of electricity price shocks in Europe demonstrates 
the vulnerability of economies to energy crises 
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(Vasylieva et al., 2026). In the technological di‑
mension, green and safe microgrids are considered 
a monitoring and forecasting tool that enhances 
energy sustainability (Wojciechowski et al., 2025), 
and the integration of green supply chains creates 
socio‑economic value through eco‑innovation ef‑
fects (Tedjakusuma et al., 2026). Moreover, re‑
cent studies emphasize that institutional and en‑
vironmental drivers are crucial for SME develop‑
ment in the EU, particularly in the context of the 
Sustainable Development Goals (Tu et al., 2025), 
while household energy efficiency and renewable 
energy development play a significant role in re‑
ducing energy poverty (Śmiech et al., 2025). At the 
same time, global regulatory changes such as the 
EUDR introduce new agri‑environmental risks 
and financial challenges for Eastern European 
countries, requiring SMEs to strengthen their 
readiness and adaptability to ecological standards 
(Sitnicki et al., 2026). Overall, external shocks and 
global challenges can significantly affect SME per‑
formance, but technological, institutional, and 
regulatory solutions can ensure their adaptability 
and long‑term sustainability.

In transition economies, Agriculture 4.0 tech‑
nologies are identified as a path to sustainable 
growth, as they enable the integration of digital 
innovations into production processes (Dayıoğlu 
& Turker, 2021). The example of Bulgaria demon‑
strates that implementing digitization practices 
enables SMEs to gain a competitive advantage 
by combining digitalization with environmental 
approaches (Varbanova et al., 2025). A review of 
smart farming equipment confirms the potential 
for more human‑centric production, where tech‑
nologies aim to increase the efficiency and sustain‑
ability of agricultural systems (Song et al., 2026). At 
the same time, organic farming demonstrates that 
environmental practices can enhance access to 
healthy food, generating socio‑economic benefits 
(Hroma, 2026). Analysis of changes in greenhouse 
gas emissions across EU countries indicates the 
need for deep environmental reforms in agricul‑
ture, an important element of the green transfor‑
mation (Szymańska & Tłuczak, 2026). At the local 
government level, digital transformation in village 
financial management demonstrates how institu‑
tional adaptation can strengthen transparency 
and financial sustainability (Jumaiyah et al., 2025). 
Moreover, Agriculture 4.0 encompasses both tech‑

nological innovation and organizational and mar‑
ket strategies. These include smart agro‑clustering 
based on the “education‑science‑business” chain 
(Bashynska et al., 2022), smart specialization ap‑
proaches to agricultural development in Central 
and Eastern Europe (Shvets et al., 2023), and de‑
terminants of green branding in the agro‑sphere 
such as eco‑consumption, loyalty, and price pre‑
miums (Danko & Nifatova, 2022).

Moldova and Armenia illustrate these dynamics 
particularly well. Both countries face structural 
challenges in productivity, yet demonstrate re‑
silience through the gradual integration of green 
practices. In Moldova, institutional support and 
access to finance have enabled SMEs to experi‑
ment with renewable energy and eco‑certification, 
even with limited investment. Armenia, in turn, 
shows how institutional reforms and the adop‑
tion of smart agricultural tools can reinforce en‑
vironmental modernization, positioning SMEs 
to benefit from organic farming and clustering 
strategies. These cases confirm that the balance 
of digital innovation, ecological requirements, 
and organizational approaches is not abstract 
but directly observable in practice (Dayıoğlu & 
Turker, 2021; Hroma, 2026; Szymańska & Tłuczak, 
2026). Additional studies on smart agro‑cluster‑
ing, specialization, and green branding further 
support this conclusion, showing that Moldova 
and Armenia exemplify how targeted reforms 
and adaptive strategies can transform ecological 
modernization into a driver of competitiveness 
(Bashynska et al., 2022; Shvets et al., 2023; Danko 
& Nifatova, 2022).

The reviewed literature demonstrates that digita‑
lization enhances productivity but requires insti‑
tutional adaptation, while green practices impose 
shortterm costs yet improve longterm competi‑
tiveness. Financial and governance mechanisms 
act as enablers of this transformation, and con‑
sumer behavior, workplace culture, and local 
governance add further complexity, while global 
shocks highlight vulnerabilities. Taken togeth‑
er, these works outline the core of the issue: ag‑
rifood SMEs in Eastern Europe need to balance 
digital innovations, environmental requirements, 
and new forms of clustering, specialization, and 
branding to ensure productivity and longterm 
sustainability. This landscape confirms the need 
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to study how such enterprises can integrate digital 
and green transitions in a way that achieves sus‑
tainable competitiveness and resilience.

The study seeks to evaluate how digitalization, eco‑
logical modernization, financial access, and insti‑
tutional support influence agricultural productiv‑
ity in transition economies of Eastern Europe and 
the Caucasus, additionally considering Moldova 
and Armenia as illustrative cases to demonstrate 
the role of national conditions in shaping modern‑
ization outcomes.

2. METHOD

The research methodology uses panel models with 
fixed (FE) and random effects (RE), allowing us to 
account for country‑specific factors. A descriptive 
data analysis was conducted. Some variables were 
transformed to reduce distributional asymmetry 
and ensure indicator comparability. Data aggre‑
gation was also performed to create a consistent 
panel structure. To assess the estimates’ validity, 
a VIF (multicollinearity) test was also performed. 
In addition, to ensure the stability of the results, 
robust standard errors were used, in particular 
the Driscoll–Kraay method, which accounts for 
potential panel‑data problems and ensures the re‑
liability of the conclusions. 

The panel data cover indicators of digital and 
green transformation, access to finance, and insti‑
tutional support for Moldova, Armenia, Georgia, 
Ukraine, Azerbaijan, and Kazakhstan over the 
period 2000–2024. Ukraine was included in the 
panel to ensure a comprehensive evaluation of the 
regional agri‑food dynamics over the 2000‑2024 
period, as structural macro‑trend continuity and 
rapid post‑2022 digital and green adaptations 
maintain its relevance for empirical analysis.The 
agri‑food sector in these countries operates under 
similar institutional and economic conditions, but 
differs in the pace of digital and green moderniza‑
tion. Therefore, the use of panel analysis allows us 
to combine temporal and spatial dimensions: data 
spanning 25 years enables us to account for both 
temporal dynamics and cross‑country differences. 
In addition, there is an opportunity to control for 
unmeasured factors, as fixed effects (FE) models 
account for country‑specific features that cannot 

be directly measured. It is also possible to assess 
general trends: random effects (RE) models allow 
us to generalize the results and show how digital 
and green factors affect productivity across coun‑
tries (Bell & Jones, 2015). Panel data provide more 
observations than discrete time series or cross‑
sectional samples, reducing the risk of estimation 
bias. Therefore, panel analysis is the optimal tool 
for investigating the relationships among digital 
and green transformation, financial access, insti‑
tutional support, and agricultural productivity 
across six countries in the region. Among them, 
special attention is paid to Moldova and Armenia, 
which have special institutional conditions and fi‑
nancial market characteristics. This makes them 
illustrative examples in the context of fixed effects. 

The dependent variable for the FE/RE models was 
chosen as agricultural labor productivity (USD/
worker), calculated as the ratio of agricultural value 
added (in constant USD) to the number of people 
employed in agriculture using the FAOSTAT data‑
base. This indicator is widely used in empirical re‑
search as a macro‑level measure of sectoral efficien‑
cy. Its selection is justified by several considerations. 
In particular, it offers macro‑economic relevance: 
Labor productivity reflects the efficiency of resource 
use in the agri‑food sector and is a key determinant 
of competitiveness and growth in transition econo‑
mies. It also offers comparability across countries 
(FAOSTAT provides harmonized data, allowing 
consistent cross‑country and longitudinal analy‑
sis) and sectoral representativeness (in the studied 
economies, agriculture remains a significant com‑
ponent of the agri‑industrial system, and labor pro‑
ductivity captures both technological progress and 
structural transformation). Moreover, it is worth 
mentioning policy significance. Productivity at the 
macro level is directly linked to food security, rural 
employment, and sustainable development, mak‑
ing it a meaningful outcome variable for evaluating 
the impact of digitalization, finance, institutions, 
and green practices. It provides a robust and trac‑
table proxy for sectoral performance at the national 
level. Future research should complement this ap‑
proach with microdata and enterprise surveys to 
validate and extend the findings.

The independent variables were grouped into four 
blocks: digitalization, green transformation, fi‑
nancial access, and institutional support. The de‑



91

Environmental Economics, Volume 17, Issue 3, 2026

http://dx.doi.org/10.21511/ee.17(3).2026.06

tailed composition of each block of independent 
variables and their sources is presented in Table 1.

The independent variables were grouped into four 
blocks: digitalization, green transformation, fi‑
nancial access, and institutional support. Their 
composition and sources are presented in Table 
1 (World Bank, 2024; ITU, 2024; Eurostat, 2024; 
ILO, 2024; OECD, 2024; IEA, 2024; UNIDO, 
2024; UNDP, 2024; Gallup, 2024; FAO, 2023, 
Ministry of Agrarian Policy and Food of Ukraine, 
2024; Ministry of Agriculture and Food Industry 

of the Republic of Moldova, 2024; Ministry 
of Agriculture of the Republic of Kazakhstan, 
2024; Ministry of Economy and Sustainable 
Development of Georgia, 2024; State Statistical 
Committee of the Republic of Azerbaijan, 2024; 
Statistical Committee of the Republic of Armenia, 
2024). Not all indicators in Table 1 are available 
annually for the entire period 2000–2024. ICT 
investment and digital skills have regular annual 
coverage, while environmental certification and 
enterprises’ participation in government support 
programs are published only periodically. For en‑

Table 1. Independent variables and data sources

Block Variable Definition Source

Digital_Index

Digital_Index*
Composite index of national digital adoption in the 
business and agricultural sectors

World Bank database

Internet_Penetration Broadband and mobile internet penetration rate per 
100 inhabitants ITU database

Ecommerce_Share* Share of e-commerce and digital transactions in total 
sectoral/national turnover (%) Eurostat database

ICT_Investment* Gross fixed capital formation in ICT infrastructure and 
software (% of GDP / sectoral investment) FAOSTAT database

Digital_Skills*
Share of economically active population with basic or 
advanced digital skills (%) ILO database

Cloud/Software Adoption* Sectoral rate of business management software and 
e-governance systems adoption (%) OECD database

Green_Index

Renewable_Energy_Share Share of renewable energy in total final energy 
consumption (%) IEA database

Energy_Efficiency Primary energy intensity of GDP / sectoral output (kWh 
per unit of agricultural output) UNIDO database

Green_Investment* Gross national investments in environmental protection 
and green technology (% of GDP) UNDP database

CO₂_Reduction Aggregated reduction of CO₂ emissions per unit of 
sectoral GDP/output

World Bank database

Waste_Recycling* Municipal and agricultural waste recycling rate (% of 
total waste generated) Eurostat database

Eco_Certification* Adoption rate of ISO 14001, EMAS, and eco-standards 
across the agricultural sector (%) ILO database

Sustainable_Agriculture
Share of total agricultural land under certified organic 
and sustainable farming (%) FAOSTAT database

Finance_

Access

Credit_Access
Domestic credit to the private/agricultural sector (% of 
sectoral GDP) World Bank database 

Grant_Funding*
Volume of official international and national 
development grants (% of GDP or agri-investment) UNDP and FAO databases

Gov_Support_Programs* Share of agricultural producers covered by national 
financial support and subsidy programs (%) Ministries of Economy databases

Subsidy_Share* Share of state subsidies in total agricultural output and 
sectoral funding (%) OECD database

Institutional_
Support

Policy_Stability Aggregated index of economic, regulatory, and 
agricultural policy stability World Bank database

Regulatory_Quality Aggregate regulatory quality index (transparency, 
market efficiency, reduction of barriers) World Bank database

Institutional_Trust* National index of public and business trust in state 
institutions Gallup database, OECD database

Extension_Services* National coverage rate of agricultural advisory, 
extension, and educational programs (%) FAOSTAT database

Note: Variables marked (*) are only available periodically, not annually, for the entire period 2000–2024; coverage is limited, 
gaps have been filled by interpolation or imputation, and all variables are standardized for comparability.
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vironmental certification, observations are miss‑
ing for most countries in 2000–2002, and in 2005–
2007 and 2010–2012 for non‑EU transition econ‑
omies (Moldova, Armenia, Georgia, Azerbaijan, 
and Kazakhstan). Data on participation in gov‑
ernment support programs are available only for 
selected years (2004, 2008, 2012, 2016, and 2020), 
with gaps in the intervening years. 

Not all component indicators are available as 
complete annual country‑level series for the entire 
2000–2024 period, which is a typical limitation of 
international panel studies. To ensure consistency, 
the core variables (ICT investment, digital skills, 
renewable energy share, energy efficiency, credit 
access, policy stability, and regulatory quality) 
have regular annual coverage and thus form the 
analytical backbone of the study. Overall, about 
25% of the panel observations across the four 
blocks were reconstructed. For isolated missing 
values, we applied arithmetic mean substitution 
using adjacent years (the average of the preceding 
and following observations). In cases of consecu‑
tive gaps spanning several years, we used linear 
interpolation. Where interpolation was not fea‑
sible (at the beginning or end of the series, or for 
irregularly reported indicators), we applied near‑
est‑neighbor imputation, substituting the closest 
available observation in time. This combination of 
methods is consistent with established practices 
in panel data research, as it preserves the dataset 
structure, avoids loss of observations, and ensures 
comparability across countries and years. All re‑
constructed series were subsequently standard‑
ized to maintain consistency in measurement and 
interpretation.

The indicators were standardized globally across 
the pooled sample to ensure cross‑country com‑
parability, and the final regression models rely on 
these harmonized indices. No additional robust‑
ness checks on weighting schemes or sensitivity 
analyses of index composition were performed, 
as the subsequent application of principal com‑
ponent analysis provided dimensionality reduc‑
tion and ensured the stability of the regression 
estimates.

The blocks in Table 1 characterize the transforma‑
tion of enterprises from different sides. In particu‑
lar, Digital_Index reflects the level of digital trans‑

formation of enterprises. It includes indicators of 
Internet access, use of e‑commerce, investment in 
ICT, digital skills, and implementation of cloud/
software solutions. Green_Index characterizes 
environmental and “green” transformation, cov‑
ering the share of renewable energy, energy effi‑
ciency, investments in green technologies, CO

2
 re‑

duction, waste recycling, environmental certifica‑
tion, and organic farming. Finance_Access shows 
enterprises’ access to financial resources through 
loans, grants, state support programs, and subsi‑
dies. Institutional_Support reflects the quality of 
the institutional environment.

Multicollinearity was assessed using the variance 
inflation factor (VIF) in Stata. The values obtained 
significantly exceed the permissible limit, with an 
actual average VIF ≈ 3774. Therefore, there is du‑
plication of information between the indicators 
of digital transformation, green modernization, 
financial access, and institutional support in the 
sample. To eliminate multicollinearity, the meth‑
od of aggregating variables into thematic indices 
was applied: Digital_Index (Internet Penetration, 
E‑commerce Share, ICT Investment, Cloud 
Adoption, Digital Skills); Green_Index (Energy 
Efficiency, Green Investment, CO

2
 Reduction, Eco 

Certification, Sustainable Agriculture); Financial_
Index (Credit Access, Grant Funding); and 
Institutional_Index (Policy Stability, Regulatory 
Quality, Extension Services). Aggregation was car‑
ried out by calculating the row means of standard‑
ized values (rowmean in Stata), which reduced the 
number of variables and ensured the stability of 
regression model estimates. The previous applica‑
tion of the simple average (row means) did not ad‑
dress multicollinearity (VIF ≈ 43). Therefore, the 
principal component analysis (PCA) method was 
applied for the final analysis.

To eliminate multicollinearity while preserving 
the maximum information content of multi‑indi‑
cator blocks, principal component analysis (PCA) 
was applied independently to four functional do‑
mains containing six (Digital), seven (Green), four 
(Financial), and four (Institutional) sub‑indica‑
tors. Prior to PCA, all sub‑indicators were globally 
standardized across the pooled panel dataset (N 
= 6, T = 25, 2000–2024) to ensure cross‑country 
comparability. Only the first principal component 
(PC

1
) was retained for each domain, as it captured 
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the overwhelming majority of shared variance, 
yielding sound eigenvalues of 5.8 (96.7% variance 
explained), 6.8 (97.1%), 3.9 (97.5%), and 3.8 (95.0%), 
respectively. 

Each composite index (I
i,t

) is derived as a linear 
combination of its globally standardized sub‑
indicators (Z

k,i,t
) weighted by their PC

1
 factor 

loadings (w
k
):

, , ,
1

.
n

i t k k i t

k

I w Z
=

⋅=∑  (1)

For the Digital Index (n = 6, λ = 5.8), the extract‑
ed loadings w

k
 are 0.4316 (InternetPenetration), 

0.4073 (ICTDevelopmentIndex), 0.4247 (Ecom‑
merce Share), 0.4266 (ICTInvestmentGDP), 
0.3892 (CloudSoftwareAdoption), and 0.3660 
(DigitalSkills). For the Green Index (n = 7, λ = 6.8), 
the weights are 0.4119 (RenewableEnergyShare), 

–0.3671 (EnergyEfficiency), 0.3329 (Green‑
InvestmentGDP), –0.3667 (CO2EmissionsGDP), 
0.3971 (WasteRecycling), 0.3658 (EcoCertification), 
and 0.3985 (OrganicFarmingShare). For the 
Financial Index (n = 4, λ = 3.9), the weights 
correspond to 0.5040 (CreditAccess), 0.4725 
(GrantFunding), 0.5209 (GovSupportProgram), 
and 0.5014 (SubsidyShare). Finally, for the 
Institutional Index (n = 4, λ = 3.8), the load‑
ings are 0.5109 (PolicyStability010), 0.4696 
(RegulatoryQuality010), 0.5142 (Institutional‑
Trust), and 0.5040 (EnterpriseDevelopment). This 
explicit mathematical specification ensures com‑
plete empirical transparency and exact reproduc‑
ibility of all composite indices. 

Preliminary aggregation of variables by row means 
was tested but not retained in the final models, as 
it did not reduce multicollinearity. The regres‑
sion analysis was ultimately conducted using the 

first principal component from each block (digi‑
talization, green transformation, financial access, 
and institutional support). These components ex‑
plained between 97–99% of the variance and were 
selected to preserve the information content of the 
blocks while ensuring stability and interpretabil‑
ity of regression estimates.

To ensure the correctness of the econometric anal‑
ysis, a preliminary descriptive data analysis was 
conducted (the summarize function in Stata), the 
main results of which are presented in Table 2.

According to Table 2, Moldova exhibits the high‑
est mean agricultural labor productivity in the 
sample (5531.9), followed closely by Ukraine 
(5456.6). This strong performance is notewor‑
thy given Moldova’s moderate financial develop‑
ment (Financial Index mean of 0.28) and a nega‑
tive institutional score (Institutional Index mean 
of –0.15). While its institutional index is negative, 
it remains more favorable than those of Armenia 
(–0.22) and Azerbaijan (–0.48), suggesting that 
relative institutional stability within this localized 
sub‑group may help mitigate structural financial 
barriers. Armenia, on the other hand, displays 
a lower mean productivity (4939.3) but demon‑
strates a pronounced focus on ecological mod‑
ernization with a high Green Index mean of 0.25, 
which is surpassed only by Kazakhstan (0.30). 
Concurrently, Armenia shows a relatively low dig‑
ital footprint (Digital Index mean of –0.21) and a 
lower institutional average (–0.22).

The remaining nations in the panel provide crit‑
ical contextual divergence. Kazakhstan and 
Ukraine emerge as the structural leaders in mod‑
ernization: Kazakhstan records the highest scores 
in both the Green Index (0.30) and Digital Index 
(0.41), while Ukraine leads the sample in financial 

Table 2. Descriptive statistics of raw/standardized indicators before PCA transformation 

Country Productivity 
(Mean, SD)

Green Index 
(Mean, SD)

Digital Index 
(Mean, SD)

Financial Index 
(Mean, SD)

Institutional Index 
(Mean, SD)

Moldova 5531.9 (2032.2) 0.12 (0.98) –0.34 (1.05) 0.28 (0.87) –0.15 (0.92)
Armenia 4939.3 (1841.5) 0.25 (1.02) –0.21 (1.08) 0.19 (0.90) –0.22 (0.95)
Georgia 5212.9 (2094.3) –0.08 (0.95) –0.29 (0.99) 0.31 (0.85) –0.10 (0.91)
Ukraine 5456.6 (1849.7) –0.14 (0.93) 0.05 (0.97) 0.42 (0.88) 0.02 (0.89)
Azerbaijan 4441.1 (1565.4) –0.45 (0.92) –0.62 (0.94) –0.31 (0.86) –0.48 (0.88)
Kazakhstan 5054.0 (2051.8) 0.30 (1.01) 0.41 (1.02) 0.39 (0.89) 0.25 (0.93)

Note: Mean – arithmetic mean, SD – standard deviation.
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depth (Financial Index mean of 0.42) and institu‑
tional quality (Institutional Index mean of 0.02). 
Azerbaijan lags across all dimensions, reporting 
the lowest values for all four explanatory indices.

Consequently, at the descriptive level, Moldova 
and Armenia present highly compelling, contrast‑
ing developmental configurations: Moldova bal‑
ancing peak productivity against institutional and 
financial constraints, and Armenia prioritizing 
ecological transitions despite lower aggregate effi‑
ciency and digital adoption. This distinct juxtapo‑
sition justifies their selection as the specific focus 
cases for the subsequent country‑specific econo‑
metric modeling.

To avoid spurious regression, a formal stationarity 
check of the variables was conducted. For this pur‑
pose, the panel unit root tests of Levin–Lin–Chu 
(LLC) and Im–Pesaran–Shin (IPS) were applied; 
according to the results, the data were found to 
be non‑stationary(p‑value > 0.05). Therefore, log‑
arithms were taken of the productivity indicator 
(Productivity) and the financial index (FinIndex). 
For institutional index (InstitInd) and green index 
(GreenIndex), first differences were used. After 
the transformation, the LLC and IPS tests were re‑
peated; according to the results, the stationarity of 
the time series was achieved.

At the next stage, panel models with fixed (FE) and 
random effects (RE) were formalized. The FE (2) 
model allows for the individual characteristics of 
countries that do not change over time, while the 
RE (3) model assumes a random distribution of 
these effects. Formally, the models have the form:
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where itProductivity  – labor productivity in 
country i at time t (USD/worker), iα  – individ‑
ual effect for country i, accounting for its time‑
invariant characteristics (in the FE model), α

– common constant for the entire sample (in the 

RE model), 1 2 3 4, , ,β β β β – regression coefficients 
reflecting the impact of the respective indices 
(Digital, Green, Financial, Institutional) on pro‑
ductivity, itu  – random error term varying across 
time and countries, iµ  – random effect for coun‑
try i (in the RE model), assumed to be uncorre‑
lated with the independent variables, i – country 
index: 1 – Moldova, 2 – Armenia, 3 – Georgia, 4 – 
Ukraine, 5 – Azerbaijan, 6 – Kazakhstan, t – time 
index (year), 2000–2024.

The Hausman test (χ2(4) = 0.59, Prob = 0.9645) 
did not detect systematic differences between the 
fixedeffects and randomeffects estimators. This 
result confirms that the randomeffects specifica‑
tion is consistent and more efficient, and therefore 
was selected as the preferred model for further 
interpretation.

Moldova and Armenia were selected as focal il‑
lustrative cases due to their contrasting struc‑
tural configurations within the region. While 
both share the typical institutional and economic 
characteristics of non‑EU transition economies – 
such as modest financial depth and low green in‑
vestment (1‑2% of GDP) – they represent distinct 
development pathways. Moldova reflects a high‑
productivity baseline driven by institutional sup‑
port and digital integration, whereas Armenia il‑
lustrates a pronounced focus on ecological mod‑
ernization constrained by financial misallocation 
and lower digital adoption. Comparing these two 
nations allows the study to highlight critical coun‑
try‑level heterogeneity that would otherwise re‑
main masked by aggregate panel estimations.

To further specify the panel model and illustrate 
country‑level heterogeneity, separate regression 
estimations were conducted for Moldova and 
Armenia. For each case, a stepwise exclusion pro‑
cedure was applied to identify the most influential 
explanatory variables and to assess the robustness 
of results. These country‑specific regressions serve 
as illustrative examples, complementing the panel 
analysis by highlighting structural characteristics 
that persist within individual transition econo‑
mies. In addition, LASSO regularization with 
crossvalidation was employed as a supplementary 
robustness check, ensuring that variable selection 
was not overly sensitive to sample limitations and 
confirming the stability of the modeling approach.
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3. RESULTS

After controlling multicollinearity and formaliz‑
ing panel models, the impact of aggregated indices 
on labor productivity in agriculture was assessed. 
The modeling results are presented in Table 3 for 
both models.

Table 3. The impact of digital and environmental 
transformation of agro-food sector (FE/RE 
models) for Moldova, Armenia, Georgia, Ukraine, 
Azerbaijan, and Kazakhstan

Variables
FE 

model(p-value)
RE 

model(p-value)
Digital_Index 0.141 (0.000) 0.140 (0.000)
∆Green_Index –1.848 (0.000) –1.830 (0.000)
Financial_Index (ln) 8 (0.002) 0.037 (0.001)
∆Institutional_Index 0.050 (0.849) 0.068 (0.794)
Const 9.100 (0.000) 9.087 (0.000)
Rsquared (Within) 0.9597 0.9597
Rsquared (Between) 0.3434 0.3248
Rsquared (Overall) 0.9024 0.9030

Ftest / Wald χ² F(4,89)=529.37 χ²(4)=2144.61
Prob > F / Prob > χ² 0.0000 0.0000

rho 0.629 0.686

The Digital_Index coefficient remains strongly 
positive and highly significant in both specifi‑
cations (FE: 0.141, p < 0.01, RE: 0.140, p < 0.01). 
Given the log‑level structure of the specification, 
this reflects a semi‑elasticity relationship, con‑
firming that a one‑unit increase in the standard‑
ized digital score (reflecting ICT investment, in‑
ternet penetration, digital skills, and e‑commerce 
adoption) yields an approximate 14.1% increase 
in agri‑food labor productivity. Conversely, the 
first‑differenced _Green Index∆  exhibits a sta‑
tistically significant negative effect in both models 
(FE: –1.85, p < 0.01; RE: –1.83, p < 0.01). Rather 
than implying that static eco‑friendly practices 
harm performance, this result specifically indi‑
cates that an acceleration in the annual rate of 
green adoption (e.g., rapid implementation of re‑
newable energy, energy efficiency measures, certi‑
fication, and organic production) imposes short‑
term structural adjustment and compliance costs, 
which temporarily dampen productivity growth. 
Because financial access enters the specification in 
logarithmic form ( )ln _ ,Financial Index  its es‑
timated coefficient represents a constant elasticity. 
The positive and highly significant coefficient (FE: 
0.037, p < 0.01; RE: 0.037, p < 0.01) confirms that a 

1% expansion in financial access directly enhances 
agricultural labor productivity by 0.037%. In con‑
trast, the first‑differenced Ä _Institutional Index  
is statistically insignificant in both specifications 
(FE: 0.05, 0.85,p ≈  RE: 0.07, 0.79p ≈ ). This indi‑
cates that short‑term annual changes in institu‑
tional factors (such as trust, policy stability, and 
regulatory quality) do not exert an immediate 
measurable impact on productivity growth once 
within‑country temporal trends are controlled for, 
though they may continue to influence long‑term 
sectoral resilience indirectly.

Model quality is confirmed by the R2 (within) val‑
ues (0.96 in both FE and RE), which demonstrate 
strong explanatory power for within‑country 
variation. The between R2 is moderate (0.32–0.34), 
while the overall R2 remains high (≈0.90), indicat‑
ing good explanatory capacity across countries. 
Both models are highly significant (FE: F (4,89) = 
529.37, Prob = 0.0000; RE: χ2 (4) = 2144.61, Prob = 
0.0000). The rho statistics show that country‑spe‑
cific effects explain a substantial share of variation 
(ρ = 0.63 in FE; ρ = 0.69 in RE), underscoring the 
importance of national contexts in shaping pro‑
ductivity outcomes. The high values of the within 
R2 reflect the strong explanatory capacity of the se‑
lected indices, which capture most of the variation 
in productivity within countries. This outcome is 
consistent with the standardized construction of 
indicators and the application of principal com‑
ponent analysis, which reduced dimensionality 
and stabilized the estimates. At the same time, the 
moderate between R2 highlights crosscountry het‑
erogeneity, confirming that national contexts re‑
main an important source of variation.

The next step is to estimate the country’s fixed ef‑
fects, i.e., the values that show how much the pro‑
ductivity of a particular country under study devi‑
ates from the average after considering the regres‑
sors (Table 4).

The estimated countryspecific fixed effects (ui) 
demonstrated in Table 4 reveal significant struc‑
tural heterogeneity in agricultural labor produc‑
tivity across the panel after controlling for digital, 
environmental, and financial factors. Moldova 
exhibits the strongest positive deviation (+0.1106) 
from the panel mean, while Ukraine (+0.0176) 
and Georgia (+0.0028) show small to nearly neu‑
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tral positive trajectories. Conversely, Azerbaijan 
(–0.0749), Kazakhstan (–0.0382), and Armenia 
(–0.0365) display negative deviations. These unob‑
served, time‑invariant shifts highlight the critical 
role of country‑specific contexts (such as deep‑
seated institutional legacies, geographic endow‑
ments, and historical structural trajectories) in 
establishing the baseline efficiency thresholds of 
national agricultural sectors.

To test the statistical robustness of the panel es‑
timates against potential diagnostic violations, 
Driscoll–Kraay standard errors were applied to 
correct for heteroscedasticity, autocorrelation, 
and cross‑sectional dependence. Under this ro‑
bust inference framework, the core coefficients re‑
main highly stable. The Digital_Index maintains 
its strong positive association (0.141, p = 0.001), 
indicating that digitalization trajectories are reli‑
able co‑determinants of productivity shifts within 
this sample. Similarly, the contemporary net cost 
of environmental compliance is validated by the 
stable negative coefficient of the Green_Index 
(–1.848, p < 0.001).

Furthermore, the macro‑financial environment 
retains its positive and statistically significant 
link to productivity (Financial_Index (ln) = 0.037,  
p = 0.002), whereas the Institutional_Index re‑
mains statistically non‑significant (0.050, p = 0.849), 
corroborating that short‑run institutional varia‑
tions do not capture direct contemporary shifts 
in aggregate productivity. The model baseline is 
captured by the highly significant constant (9.100,  
p < 0.001). Taken together, the robust estimations 
support the prominent roles of digital acceleration 
and financial depth, highlight the contemporary 
transitional burdens of ecological modernization, 
and indicate a limited direct impact of institution‑
al variations within the limits of the examined 
panel dataset.

3.1. Case focus: Moldova  
and Armenia

To illustrate the countryspecific outcomes, sepa‑
rate regression estimations were conducted for 
Moldova and Armenia using a stepwise exclusion 
procedure. This approach allowed us to identify 
the most significant explanatory variables within 
each national context and to highlight structural 
heterogeneity across transition economies. The re‑
sults are presented in Table 5. Due to the limited 
time horizon available for individual time‑series 
estimations (T = 25, 2000–2024), country‑specif‑
ic regressions alongside Stepwise selection and 
LASSO regularization are implemented purely as 
exploratory, complementary robustness checks. 
These routines are designed to uncover signals of 
national trajectory and parameter heterogeneity 
rather than to establish strict asymptotic structur‑
al relationships.

Table 5. Comparative countryspecific regression 
results for Moldova and Armenia 

Variable
Moldova  

(Country = 1)
Armenia  

(Country = 2)
lnFinance Excluded (p = 0.947) –0.8546 (p = 0.050)
∆Institutes +0.2653 (p = 0.000) +0.4686 (p = 0.001)
Digital +0.0332 (p = 0.026) Excluded (p = 0.616)
∆Green –0.4621 (p = 0.000) –0.5016 (p = 0.001)
Constant 6.0499 5.9493
R² 0.8919 0.9261
Observations 25 25

Fstatistic F(3,21) = 57,75  
(p = 0.0000)

F(3,21) = 87,72  
(p = 0.0000)

The countryspecific regressions for Moldova and 
Armenia reveal both commonalities and diver‑
gences in the determinants of productivity. In 
both cases, the institutional index emerges as a 
strong positive driver, underscoring the central 
role of governance quality and institutional sup‑
port in shaping economic outcomes. Similarly, 

Table 4. Countryspecific fixed effects (FE model)

Country Fixed Effect (u
i
) Interpretation

Moldova +0.1106 Highest positive effect → productivity above the panel mean after controlling for digital, 
financial, and ecological factors

Armenia –0.0365 Slight negative deviation → productivity slightly below the average
Georgia +0.0028 Nearly neutral effect → productivity close to the panel mean
Ukraine +0.0176 Small positive deviation → productivity slightly above the average

Azerbaijan –0.0749 Noticeable negative deviation → productivity below the average
Kazakhstan –0.0382 Negative deviation → productivity below the average
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the green index exerts a significant negative ef‑
fect in both countries, reflecting the transitional 
costs associated with adopting environmentally 
sustainable practices in agriculture and industry. 
However, the models diverge in terms of finan‑
cial and digital factors. For Moldova, the stepwise 
procedure excluded the financial variable, indicat‑
ing that access to finance does not independently 
explain productivity variations. Instead, digitali‑
zation remains significant, albeit with a modest 
coefficient, suggesting that technological penetra‑
tion contributes positively to efficiency gains. This 
aligns with Moldova’s relatively rapid adoption of 
digital tools in enterprise management and mar‑
ket access. In contrast, for Armenia, the financial 
variable is retained but with a negative coefficient. 
This counterintuitive result may point to struc‑
tural inefficiencies in the financial system, where 
increased credit or financial flows do not trans‑
late into productivity improvements, possibly due 
to misallocation or high borrowing costs. At the 
same time, digitalization is excluded, implying 
that technological penetration has not yet reached 
a threshold where it significantly impacts produc‑
tivity outcomes. The panel model averages effects 
across countries. However, the country regres‑
sions show structural heterogeneity: in Moldova 
and Armenia, institutional reforms had a break‑
through effect, whereas in other countries in the 
sample this effect was attenuated, resulting in a 
statistically insignificant indicator in the overall 
panel FE model.

The Fstatistics (57,75 for Moldova and 87,72 for 
Armenia, both highly significant) confirm the ro‑
bustness of the models. The very high R2 values 
(0.89 and 0.92 respectively) indicate that the select‑
ed variables explain nearly all observed variation in 
productivity within each country sample. Overall, 
these results illustrate structural heterogeneity 
across transition economies. Moldova’s productiv‑
ity gains are tied to institutional quality and digital 
adoption, whereas Armenia’s are constrained by fi‑
nancial inefficiencies despite institutional progress. 
The consistent negative effect of the green index 
highlights the transitional burden of sustainability 
reforms, which may require targeted policy support 
to mitigate shortterm productivity losses.

To account for model uncertainty and evaluate es‑
timation robustness, we complemented Stepwise 

selection with LASSO regularization, leverag‑
ing their distinct criteria for parameter reten‑
tion. While minor variations in variable inclusion 
emerge due to LASSO’s penalization mechanism 
versus Stepwise’s hypothesis‑testing approach, 
both methods consistently identified the primary 
structural drivers, confirming the overall stability 
of our core empirical findings.

In addition, LASSO regularization was applied 
to evaluate the robustness and stability of the 
country‑specific model estimations. The use of 
LASSO is justified because, in small samples and 
under high correlation among variables, classical 
selection methods (such as stepwise regression) 
can yield overfitted and unstable predictors that 
lose significance when model constraints change. 
Instead of replicating the stepwise outcomes, 
LASSO introduces a penalization mechanism that 
discards weaker, less stable effects by shrinking 
their coefficients to absolute zero, thereby identi‑
fying a more parsimonious set of core predictors. 

To test the stability of the results, LASSO regular‑
ization with cross‑validation was applied. In the 
case of Moldova, the optimal lambda of 0.0088 left 
the institutional index (out‑of‑sample R2 = 0.867) 
exclusively, dropping the digital and green indices 
that were previously retained by the stepwise pro‑
cedure. This divergence implies that while digi‑
tal and green transformations exhibit descriptive 
correlation, institutional quality stands out as the 
singular robust driver under penalized estima‑
tion. For Armenia, the optimal lambda of 0.0529 
retained only two predictors, the institutional and 
financial indices (out‑of‑sample R2 = 0.661), while 
excluding the green index. Consequently, the 
LASSO results do not confirm the stepwise speci‑
fications; rather, they refine the economic inter‑
pretation by filtering out potential overfitting and 
demonstrating that institutional governance is the 
only consistently stable factor across both national 
contexts under strict regularization constraints.

To account for model uncertainty and evaluate es‑
timation robustness, we complemented Stepwise 
selection with LASSO regularization, leverag‑
ing their distinct criteria for parameter reten‑
tion. While minor variations in variable inclusion 
emerge due to LASSO’s penalization mechanism 
versus Stepwise’s hypothesis‑testing approach, 



98

Environmental Economics, Volume 17, Issue 3, 2026

http://dx.doi.org/10.21511/ee.17(3).2026.06

both methods consistently identified the primary 
structural drivers, confirming the overall stability 
of our core empirical findings.

4. DISCUSSION

The empirical results confirm that digitalization 
and financial access are consistent and signifi‑
cant drivers of agricultural productivity at the 
country level, while green transformation exerts 
a negative short‑term effect and institutional fac‑
tors remain statistically insignificant. This find‑
ing aligns with prior literature. Abou‑Moghli 
(2026) and Asare (2025) emphasized that digi‑
tal tools and AI training enhance efficiency and 
sustainability, while Pellegrini et al. (2023) and 
Ramada et al. (2026) demonstrated that finan‑
cial and ESG practices strengthen agricultural 
sector competitiveness. The positive coefficients 
for Digital Index and Financial Index in both 
FE and RE models reinforce the argument that 
ICT adoption, e‑commerce, and access to credit 
are immediate productivity enhancers, consis‑
tent with Varbanova et al. (2025) and Bilan and 
Halynskyi (2026).

At the same time, the negative and highly signifi‑
cant effect of Green Index highlights the transi‑
tional costs of ecological modernization. This re‑
sult echoes Hroma (2026), who found affordability 
challenges in organic agriculture, and Szymańska 
and Tłuczak (2026), who documented persistent 
inefficiencies in EU agricultural emissions. The 
evidence indicates that environmental practices 
introduce immediate compliance and adjustment 
costs, imposing contemporary structural burdens 
on the agri‑food sector as a whole and temporar‑
ily dampening aggregate productivity during the 
initial adoption phase. Tedjakusuma et al. (2026) 
similarly showed that green supply chain integra‑
tion generates socio‑economic value only when 
eco‑innovation is embedded in broader sectoral 
and national strategies. 

The Institutional Index is insignificant in both 
models, suggesting that institutional factors such 
as trust, policy stability, and regulatory quality do 
not exert a direct measurable influence once tem‑
poral trends are removed, though they may still 
play an indirect role in shaping national resilience. 

Country‑specific fixed effects reveal structural 
heterogeneity across the panel. Moldova displays 
positive effects, which may reflect country‑specific 
structural conditions and macro‑financial frame‑
works that allow digital and green transitions to 
translate into sectoral productivity gains. While 
institutional factors are statistically insignificant 
in the overall panel model (where temporal trends 
dominate), the country‑specific regressions re‑
veal that institutional quality is a primary posi‑
tive driver of productivity in both Moldova (beta 
= 0.265, p < 0.001) and Armenia (beta = 0.469, p 
= 0.001). This indicates that national institution‑
al governance is critical for absorbing structural 
shocks at the macro level. Conversely, Azerbaijan, 
Kazakhstan, and Armenia exhibit negative de‑
viations from the panel baseline, reflecting struc‑
tural constraints or exposure to external shocks. 
Meanwhile, Ukraine and Georgia show small 
positive deviations, remaining close to the panel 
mean. These findings resonate with Bilan et al. 
(2026), who emphasized the role of institutional 
quality, and Vasylieva et al. (2026), who highlight‑
ed the destabilizing impact of energy price shocks. 
In Armenia, the country‑specific model indicates 
that digital adoption has not yet reached a thresh‑
old level to directly boost aggregate productivity 
(leading to its exclusion in stepwise regression), 
while access to finance exerts a negative coeffi‑
cient, pointing to macro‑level credit misalloca‑
tions or high borrowing costs across the economy. 
Moldova’s strong positive fixed effect (+0.1106) is 
driven primarily by high institutional effective‑
ness and targeted digital adoption, whereas access 
to finance was excluded during model selection, 
showing that financial availability alone is not the 
main bottleneck for Moldovan agricultural pro‑
ductivity. Together, these two cases illustrate how 
targeted national policies and institutional frame‑
works can enable transition economies to leverage 
digital and green strategies for sustainable agri‑
cultural development.

The significant negative coefficient of the Green 
Index (–1.848, p < 0.001) points toward substan‑
tial transitional costs associated with ecological 
modernization. However, since the current panel 
specification relies on contemporaneous effects 
without an explicit lag structure or long‑run dy‑
namic modeling, this negative association should 
not be definitively categorized as a purely short‑
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term phenomenon. Instead, it reflects the net con‑
temporary burden of environmental compliance 
and green infrastructure investments over the an‑
alyzed period. Future research utilizing dynamic 
panel frameworks or distributed lag models is 
required to test whether these transitional costs 
eventually diminish and yield positive productiv‑
ity returns in the long run.

In the context of Moldova and Armenia, the dis‑
cussion highlights that both countries represent il‑
lustrative cases of how transition economies navi‑
gate the challenges of ecological modernization in 
the agri‑food sector at the national level. Moldova’s 
experience shows that macro‑financial access and 
gradual digitalization enable the agricultural sec‑
tor to adopt renewable energy and eco‑certifica‑
tion, though institutional effects remain statisti‑
cally insignificant in the panel analysis. Armenia, 
meanwhile, demonstrates that adoption of smart 
agricultural tools and ongoing reforms strengthen 

national resilience, though institutional effects re‑
main statistically insignificant in the panel anal‑
ysis. Despite the short‑term costs reflected in the 
negative Green_Index, these two countries ex‑
emplify how targeted policies and adaptive gov‑
ernance can transform environmental practices 
into long‑term drivers of sectoral competitiveness. 
Their trajectories confirm that green transforma‑
tion in the agri‑food sector is not only a matter of 
compliance with climate commitments but also a 
strategic pathway to sustainable productivity and 
resilience in transition economies. The individual 
country‑level results should be interpreted with 
caution, given the small sample constraints (T = 
25). To mitigate the risk of over‑parameterization 
inherent in short time dimensions, the variable 
candidate space was constrained via PCA index 
aggregation and penalized with LASSO shrinkage. 
Consequently, these country‑specific estimations 
serve as indicative insights into structural differ‑
ences rather than baseline econometric proofs.

CONCLUSION

This study aimed to evaluate how digitalization, green transformation, financial access, and institution‑
al support influence agricultural labor productivity across six transition economies (Moldova, Armenia, 
Georgia, Ukraine, Azerbaijan, and Kazakhstan) over the period 2000–2024, with illustrative case in‑
sights for Moldova and Armenia. 

The empirical regression results confirm that the Digital Index exerts a strong positive effect on ag‑
gregate productivity, yielding a semi‑elasticity coefficient of 0.141 (p = 0.001). Similarly, the log‑trans‑
formed Financial Index demonstrates a positive and statistically significant elasticity of 0.037 (p = 0.002). 
Conversely, the first‑differenced Green Index exhibits a significant negative association (–1.848, p < 
0.001), reflecting contemporary structural adjustment and compliance costs associated with ecological 
modernization. The first‑differenced Institutional Index remains statistically insignificant after robust 
corrections (0.050, p = 0.849), though country‑level estimations confirm its underlying importance for 
national resilience. The statistically significant constant term (9.100, p< 0.001) establishes the baseline 
log‑productivity level across the panel. 

Country‑specific fixed effects reveal substantial structural heterogeneity. Moldova (+0.1106 FE) con‑
sistently performs above the panel mean due to high institutional efficacy and targeted digital integra‑
tion, whereas Armenia (–0.0365 FE) exhibits a negative deviation driven by financial allocation inef‑
ficiencies and limited digital depth. Ukraine (+0.0176) and Georgia (+0.0028) remain close to average, 
while Kazakhstan (–0.0382) and Azerbaijan (–0.0749) show negative deviations. Overall, the evidence 
indicates that while digitalization and finance act as immediate drivers of competitiveness, ecological 
transition policies impose short‑term implementation burdens that require targeted support policies. 

Several methodological limitations should be acknowledged. The sample of six countries (N = 6) limits 
out‑of‑sample generalizability, while data interpolation retains potential statistical noise. Furthermore, 
country‑specific regressions operate on a constrained time horizon (T = 25) and serve as exploratory 
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checks rather than strict asymptotic proofs. Finally, omitting year fixed effects to preserve degrees of 
freedom means captured impacts may partially reflect global macroeconomic trends rather than purely 
national dynamics. Future research should utilize expanded multi‑country datasets and dynamic caus‑
al identification models to extend these findings. 
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