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Abstract

This paper examines the relationship between crop diversity, organic farming, and
agricultural efficiency across European regions using data from the Farm Accoun-
tancy Data Network (FADN). Technical efficiency is measured via a conditional
Debreu-Farrell input-oriented index within a Data Envelopment Analysis (DEA)
framework, based on labor, capital, and land inputs. Efficiency scores are analyzed
using panel data models with correlated random effects to distinguish within- and
between-region variation. We find a statistically significant positive effect of organic
farming on efficiency within regions but not across regions, suggesting that local
adoption improves productivity even if regional averages do not. In contrast, crop
diversity is linked to lower efficiency within regions - a counterintuitive result that
possibly reflects adaptation to external shocks rather than productivity aims. Tak-
ing into account the strong spatial dependence, we apply spatial panel models to
a balanced subsample, confirming the robustness of our results. Climate variables
further inform the analysis: temperature variability reduces efficiency, while higher
average temperatures support it. The negative association between crop diversity
and efficiency highlights the dual role of diversification as a resilience strategy and
a possible productivity trade-off, which deserves further research.
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1 Introduction

During the past two decades, agricultural systems in the European Union (EU) have
undergone substantial transformation, driven by increasing demands for sustainabil-
ity, climate resilience, and environmental stewardship. A central element of this shift
has been the expansion of organic agriculture, actively promoted through the Common
Agricultural Policy (CAP) and supported by consumers, institutions, and environmen-
tal frameworks. According to the European Commission (2023), the area under organic
cultivation has more than doubled in the past decade. This rapid growth has rekin-
dled long-standing debates on the productivity, economic viability, and environmental
performance of organic agriculture relative to conventional systems.

Although organic farming is widely recognized for its environmental benefits, such
as increased biodiversity, reduced chemical inputs, and improved soil health, questions
persist about its production efficiency. Previous studies suggest that organic systems
can underperform conventional farms when assessed solely on yield or physical output.
However, when broader ecosystem services and systemic resilience are included in ef-
ficiency assessments, these differences often diminish or even reverse (Kociszewski and
Szubska-Wlodarczyk, 2023). This underscores the importance of adopting more com-
prehensive and context-sensitive metrics aligned with the multifaceted goals of modern
agricultural policy.

European agriculture faces mounting pressure from climate variability, with extreme
weather events such as droughts and heatwaves becoming more frequent and severe.
These stressors threaten to destabilize yields and compromise the long-term viability of
both conventional and organic systems (Fabri, 2024). In response, crop diversity has
gained attention as an adaptive strategy. Practices such as crop rotation, intercropping,
and legume integration have been shown to improve soil health, stabilize yields, and
enhance resilience to both biotic and abiotic stressors (Francaviglia et al., 2020; Nasiro,
2024). Some studies estimate productivity gains of up to 12% from diversification relative
to monocultures, alongside ecosystem benefits like pollination and pest control (Reckling
et al., 2022; Mihrete and Mihretu, 2025).

However, the effects of organic practices and crop diversification on production effi-
ciency vary widely across Europe. Regional differences in climate, soil quality, and insti-
tutional support play a crucial role in shaping outcomes. For instance, while northern
and parts of central Europe may benefit from longer growing seasons, Mediterranean
and southeastern regions face increasing productivity risks due to water scarcity and

temperature extremes (Carozzi et al., 2022). These disparities highlight the need for



place-based policies and tailored management strategies.

This study contributes to the literature by empirically analyzing how crop diver-
sity and organic farming influence agricultural productivity across diverse regional and
climatic contexts in the extended EU, including the UK. We use harmonized panel
data from the EU’s Farm Accountancy Data Network (FADN), covering 240 NUTS2
regions between 2006 and 2019, to estimate conditional efficiency scores using a Debreu-
Farrell input-oriented measure within a Data Envelopment Analysis (DEA) framework
(Badunenko and Tauchmann, 2019). These scores are then examined using hybrid (corre-
lated random effects) panel models to disentangle within- and between-region variation,
incorporating spatial dependence and climate stressors such as extreme temperatures.
This builds on earlier work by Lansink et al. (2002) and Slijper et al. (2022), extend-
ing the debate on resilience and efficiency by considering the moderating role of crop
diversity under climatic pressure.

By integrating efficiency modeling with spatial and climatic factors, this research
offers novel insights into the roles of organic farming and crop diversity in shaping agri-
cultural performance. The findings have implications for CAP reform and the EU’s
broader sustainability agenda, particularly in advancing climate-smart agriculture. As
future agricultural output must increasingly rely on gains in total factor productivity
rather than land expansion, understanding the drivers of efficiency, including the inter-
active effects of diversification and organic practices, is essential (Coomes et al., 2019).
This study provides timely evidence to support both regional adaptation strategies and
transnational agricultural policymaking in an era of rapid environmental change.

The remainder of the paper is structured as follows: Section 2 reviews relevant
literature; Section 3 describes the data and methodology, including the nonparametric
frontier approach and panel econometric techniques. Section 4 presents the empirical

findings, and Section 5 concludes with a discussion and suggestions for future research.

2 Literature Review

Our analysis builds upon three core strands of literature: the measurement of agricultural
productivity using Data Envelopment Analysis (DEA), the productivity implications of
organic farming, and the role of crop diversity in climate adaptation. The interplay
between crop diversity, organic practices, climatic conditions, and production efficiency
is multifaceted, particularly when analyzed using panel data and DEA methods. While
many studies suggest a trade-off between sustainability and productivity, the potential of

crop diversity to mitigate this trade-off remains insufficiently explored, especially within



spatial econometric frameworks. This section provides a concise overview of the current
state of the literature.

A substantial body of research has examined agricultural productivity and its deter-
minants across both developed and developing economies (Han and Zhang, 2020; Rada
et al., 2019; Plastina and Lence, 2018; Wang et al., 2017; Rada, 2013; Bokusheva et al.,
2012). Increasingly, scholars emphasize the importance of integrating climatic and envi-
ronmental variables into productivity assessments. Numerous studies have investigated
the impacts of temperature, precipitation, and weather variability on agricultural output
(Njuki et al., 2020; Njuki et al., 2018; Burke and Emerick, 2016; Kaminski et al., 2013;
Seo, 2013). Other work has explored the relationship between total factor productivity
(TFP) growth and agricultural greenhouse gas emissions (Coderoni and Esposti, 2013),
while Baldoni et al. (2017) examined how TFP and emissions intensity vary by farm size
and specialization. The effects of global warming on long-term productivity growth have
also been a focus in both macroeconomic and agronomic studies (Letta and Tol, 2018;
Dietz and Stern, 2015; Moore and Diaz, 2015; Dell, Jones, and Olken, 2012). In parallel,
researchers have assessed the influence of policy instruments such as fertilizer and seed
subsidies (Abman and Carney, 2020), conservation agriculture (Das et al., 2020), green
manure (Egodawatta et al., 2012), and CAP subsidies (Mary, 2013) on productivity.

With respect to organic farming, while it enhances ecosystem multifunctionality
through improved regulating and supporting services, it generally delivers lower physi-
cal yields than conventional systems (Meemken and Qaim, 2017). Nevertheless, organic
farms often exhibit superior economic performance due to market premiums and policy
support (Wittwer et al., 2021). Estimates of productivity differentials suggest that or-
ganic systems may be 4-20% less efficient than conventional ones, though methodological
challenges, including sample selection bias, complicate direct comparisons (Lakner and
Breustedt, 2017). That study also points to considerable scope for efficiency improve-
ments within organic operations.

Although still relatively underexplored, a growing number of studies highlight the
positive effects of crop diversity on yield and production stability, particularly under
environmental stress such as drought or climate variability (Tilman et al., 2006; Li et
al., 2009; Donfouet et al., 2017; Gaudin et al., 2015; Egli et al., 2021). Intercropping has
shown yield advantages in specific combinations, while broader varietal diversification
contributes to pest suppression and overall output increases in large-scale systems (Li
et al., 2009). Empirical evidence from France and across Europe suggests that crop
diversity enhances both productivity and temporal stability, especially in areas with

limited rainfall or heterogeneous soils (Donfouet et al., 2017; Egli et al., 2021). These



benefits are often attributed to mechanisms such as resource complementarity, improved
input efficiency, and reduced exposure to risk. While individual farm-level impacts
are mixed, national-level studies indicate that crop diversity contributes to interannual
harvest stability and reduces the likelihood of severe yield losses (Renard and Tilman,
2019).

Nonetheless, under typical market conditions, monoculture systems may remain more
efficient. In a context of globalized markets, competitive pressures have reinforced spe-
cialization, often resulting in higher yields from simplified cropping systems (Ryschawy
et al., 2013). Moreover, diversified systems may suffer from inefficient resource allo-
cation, especially labor and capital, due to the complexity of management practices
(Ryschawy et al., 2012; Kulak et al., 2013; Morando and Newman, 2021). Despite these
challenges, mixed cropping systems also offer clear advantages, including improved nu-
trient cycling and reduced environmental impacts. With appropriate management and
institutional support, they could play a central role in advancing the sustainability of

European agriculture.

3 Data and Methodology

3.1 Data

This study draws on data from the European Farm Accountancy Data Network (FADN),
which collects harmonized microeconomic information at the farm level across EU mem-
ber states using a standardized sampling methodology (European Commission, 2010;
Neuenfeldt et al., 2014). The survey focuses on professional, market-oriented farms,
defined according to economic size thresholds established within the FADN framework.
Our data covers the period from 2006 to 2019 and includes observations from 240 NUTS2
regions across 25 European countries.

Due to the rotating design of the FADN survey, not all regions are observed every
year, resulting in an unbalanced panel dataset. Figure 1 depicts the spatial coverage,
showing all 318 NUTS2 regions and distinguishing between those included in the unbal-
anced panel and those forming a fully balanced subsample. The data primarily covers
the regions in Northern, Central, and Southern Europe, with the balanced panel concen-
trated in Central and Southern areas. This concentration likely reflects national survey
priorities shaped by diverse agricultural structures across countries.

A comprehensive list of countries and regions included in the dataset is provided

in Table 1, with missing survey years noted in parentheses. To ensure the robustness



of our findings, we conduct analyses on both the full unbalanced panel comprising 240
NUTS2 regions (2,864 region-year observations) and a balanced subset of 150 regions
(2100 region-year observations) with complete coverage from 2006 to 2019. While the
balanced panel provides temporal consistency, it may be subject to selection bias due to

the non-random distribution of fully observed regions.
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Figure 1: Geographic coverage of FADN data by NUTS2 regions

3.2 Variable Construction and Climate Data

For our analysis of production efficiency, we apply Data Envelopment Analysis (DEA),
a widely used non-parametric method for evaluating the relative efficiency of production
units based on multiple inputs and outputs (Charnes et al., 1978; Coelli et al., 2005).
DEA requires the careful selection of input and output variables that accurately represent
the production process. From the 193 variables available in the Farm Accountancy Data
Network (FADN), we selected key indicators based on prior empirical research (Latruffe,
2010; Moreira and Bravo-Ureta, 2011) and official FADN documentation (European
Commission, 2010).

The primary output variable is the total value of agricultural crop production per



Table 1: Countries and NUTS2 regions in the dataset (missing years with parentheses)

Country NUTS2 Regions

Austria (AT13), AT11, AT12, AT21, AT22, AT31, AT33

Belgium (BE34), BE21, BE22, BE23, BE24, BE25, BE31, BE32, BE33, BE35

Cyprus CYO00

Czech Republic  (CZ01), CZ02, CZ03, CZ04, CZ05, CZ06, CZ07, CZ08

Germany (DEA41), (DE42), (DED1), (DED3), (DEEO), DE11, DE12, DE13, DE14,
DE21, DE22, DE23, DE24, DE25, DE26, DE27, DE60, DE71, DE72,
DE73, DE8S0, DE91, DE92, DE93, DE94, DEA1, DEA2, DEA3, DEA4,
DEA5, DEB1, DEB2, DEB3, DEC0, DED2, DEF0, DEGO0

Denmark (DKO01), (DK02), (DK03), (DK04), (DKO05)

Estonia EE00

Spain (ES12), (ES13), ES11, ES21, ES22, ES23, ES24, ES30, ES41, ES42,
ES43, ES51, ES52, ES53, ES61, ES62

Finland (FI13), (FI18), (FI1A), FI19

France (FR21), (FR22), (FR23), (FR24), (FR25), (FR26), (FR30), (FR41),
(FR42), (FR43), (FR51), (FR52), (FR53), (FR61), (FR62), (FR63),
(FRT71), (FR72), (FR81), (FR82), (FR&3), FR10

Greece (GR11), (GR12), (GR13), (GR14), (GR21), (GR22), (GR23), (GR24),
(GR25), (GR30), (GR41), (GR42), (GR43)

Hungary (HU10), HU21, HU22, HU23, HU31, HU32, HU33

Ireland (IE01), (IE02)

Ttaly (ITD1), (ITD2), (ITD3), (ITD4), (ITD5), (ITE1), (ITE2), (ITE3),
(ITE4),ITC1,ITC2,ITC3,ITC4, ITF1, ITF2, ITF3, ITF4, ITF5, ITF6,
ITG1, ITG2

Lithuania (LT00)

Luxembourg LU00

Latvia LV00

Malta MTO00

Netherlands NL11, NL12, NL13, NL21, NL22, NL23, NL31, NL32, NL33, NL34,
NL41, NL42

Poland (PL11), (PL12), (PL31), (PL32), (PL33), (PL34), PL21, PL22, PL41,
PL42, PL43, PL51, PL52, PL61, PL62, PL63

Portugal PT11, PT15, PT16, PT17, PT18

Sweden (SE11), (SE12), (SE21), (SE22), (SE23), (SE31), (SE32), (SE33)

Slovenia (SI01), (S102)

Slovakia SKO01, SK02, SK03, SK04

United Kingdom

(UKD2), (UKD3), (UKD5), (UKG3), (UKM2), (UKM3), (UKM5),
(UKMBS), (UKNO), UKC1, UKC2, UKD1, UKD4, UKE1, UKE2, UKE3,
UKE4, UKF1, UKF2, UKF3, UKG1, UKG2, UKH1, UKH2, UKHS3,
UKJ1, UKJ2, UKJ3, UKJ4, UKK1, UKK2, UKK3, UKK4, UKL,
UKL2




farm, represented by SE135 (Total Output Value — Crops and Crop Production). This
variable captures the total economic value of crop-related activities over the year, ex-
pressed in Euros. It includes crop sales, on-farm consumption, value added through
processing (e.g., grain milling), and inventory changes (i.e., opening and closing stock
valuations). To account for inflation, we deflate the output values using annual EU27
crop price indices, converting all figures to constant 2010 Euros in line with standard
agricultural accounting practices (Thorne, 2004).

The input variables include total labour input (SE010), farm capital (SE510), and
utilised agricultural area (SE025). Labour input, measured in Annual Work Units
(AWU), reflects all labor contributions including family members, hired workers, and
unpaid contributors. Farm capital is captured by the average value of fixed assets—such
as buildings, machinery, and equipment—during the year. It is calculated as the mean
of opening and closing capital stock, adjusted to constant 2010 Euros using EU27 fixed
capital formation price indices (European Commission, 2010). The utilised agricultural
area (UAA) reflects the land used for production, including arable land (e.g., cereals, veg-
etables) and permanent crops (e.g., orchards, vineyards), measured in hectares. These
inputs are widely used in efficiency analyses of agricultural systems (Bravo-Ureta and
Pinheiro, 2007; Zhou et al., 2008).

To capture farm management practices, we incorporate two qualitative variables:
crop diversity and organic farming. Crop diversity is proxied by the TF14 classification,
distinguishing monoculture from mixed cropping systems. Organic farming is identified
using the ORGANIC variable, which includes only fully certified organic farms, excluding
those in transition or with partial certification.

Climate variables are sourced from the ERA5-Land reanalysis dataset provided by
the European Centre for Medium-Range Weather Forecasts (ECMWF, 2020), offering
high-resolution (9 km) hourly climate data from 1950 onward. To match the FADN’s
regional structure, we compute area-weighted averages of ERA5 grid cells intersect-
ing each NUTS2 region. Two climate indicators are used: mean annual temperature
(Temperature) and intra-annual temperature variability (Std_temp), the latter defined
as the standard deviation of monthly mean temperatures. Both variables are expressed
in Kelvin.

To construct a harmonized panel dataset, we aggregate farm-level data to the regional
level (NUTS2), computing annual means for each variable. This yields a representative
“average” farm per region-year, ensuring consistency across all observations used in the

efficiency and panel analyses.



3.3 Descriptive Statistics

Table 2 reports summary statistics for the key variables in selected years (2006, 2012,
and 2019), providing an overview of trends over the study period. We observe a steady
increase in average farm output and capital, reflecting broader patterns of investment
and structural consolidation in European agriculture. The share of organic crop farming,
negligible in 2006 and 2012, rose to 4.7% by 2019—indicating a gradual yet meaningful
shift toward more sustainable production practices.

In contrast, the proportion of farms practicing mixed cropping has remained rela-
tively stable, though considerable regional variation persists. Climate indicators, includ-
ing mean annual temperature and intra-annual temperature variability, show only slight
fluctuations, suggesting broadly stable climatic conditions across the sampled years.

Estimated technical efficiency levels appear relatively constant over time, implying
limited overall technical improvement in crop production efficiency during the study
period. A more in-depth analysis of temporal trends in efficiency is deferred to the

results section.

Table 2: Summary Statistics by Year (Mean and Standard Deviation)

Variable 2006 2012 2019
Total output value 213.51 231.79 283.67
(207.14) (218.22) (311.11)

Farm capital 371.34 469.52 500.25
(305.10) (400.21) (461.86)

Labor input 3.56 3.42 3.73
(3.34) (2.91) (3.37)

Land area 104.10 115.56 126.75
(124.06) (122.78) (131.81)

Mixed crops 5.93 5.37 4.72
(6.97) (8.56) (5.55)

Organic_share 0.00 0.00 4.70

(0.00) (0.00) (7.26)
Averge year temperature 284.05 283.23 284.18
(2.73) (2.68) (2.61)

Temperature variability 7.28 6.61 6.31
(1.34) (1.70) (1.25)
Farrell Technical efficiency 0.46 0.43 0.45

(0.15)  (0.13)  (0.15)




3.4 Production efficiency measurement

Production efficiency analysis is a core component of production economics. Traditional
parametric approaches, such as the Cobb-Douglas or translog production functions, rely
on predefined functional forms to model production technologies. While useful, these
methods often fail to adequately capture inefficiencies or account for heterogeneity across
decision-making units (DMUs). A major advancement in this field is the development of
Data Envelopment Analysis (DEA) — a nonparametric frontier technique that evaluates
the relative efficiency of DMUs without requiring a specific functional form (see Fgrsund
and Sarafoglou, 2002; Mukherjee, 2015).

DEA constructs an empirical production frontier based on observed combinations
of inputs and outputs. Each DMU is then compared to this frontier to determine its
efficiency. The method is particularly well-suited for settings involving multiple inputs
and outputs and can accommodate different assumptions about returns to scale. One
of the most widely used efficiency metrics in DEA is the radial Debreu—Farrell efficiency
score, which assesses how far a unit is from the frontier under the assumption that all
inputs (or all outputs) can be proportionally contracted (or expanded).

In the output-oriented DEA model under constant returns to scale (CRS), the goal is
to determine how much a DMU’s output can be proportionally increased while keeping
inputs fixed. Let z; = (zx1,...,2xv) € RY be a vector of N input for unit &, and
Uk = (Ukts .-, yerr) € RM: the vector of M outputs for unit k. The production tech-
nology is defined as T' = {(z,y) : with output y producible from input x}. Further, we
define P(x) = {y : (z,y) € T} as the production possibility set with given inputs and
L(y) = {x : (x,y) € T} the input requirement set to achieve a given output mix. The
output-oriented Debreu-Farrell efficiency under constant returns to scale (CRS) is then
estimated by

Fy = max6
0,z

subject to

K K

szyjm > 0Ykm, sz$jn < Zgp, and 25 >0

j=1 Jj=1
forn=1,2,...,. Nym=1,2,....M, and k£ = 1,2,..., K. This measure indicates the
extent to which a DMU’s output vector can be proportionally expanded to achieve
technical efficiency, assuming inputs remain constant. For instance, an efficiency score
of 2 suggests that outputs could be doubled with the current input levels to reach the

efficiency frontier. A score of 1 represents full technical efficiency, meaning the DMU is
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already operating on the frontier and no proportional output expansion is possible under
the given inputs.
The input-oriented version is
Fl = mizn A

subject to

K K

Z 2iYjim = Ykm Z 2jTjn < ATgp,25 > 0

j=1 J=1
under the assumption of constant returns to scale (CRS). This measure reflects the
proportional reduction in inputs required for a DMU to become technically efficient
while maintaining the same output level. For example, a score of 0.75 implies that
the same output could be achieved with only 75% of the current input use, indicating a
potential input reduction of 25%. A score of 1.0 indicates full efficiency, meaning no input
reduction is possible without reducing output. To model variable returns to scale (VRS),
a convexity constraint is added with Z]K:1 zj = 1, which ensures that comparisons are
only made with firms of similar scale. Note that, under output orientation, Debreu-
Farrell efficiency scores are equal to or greater than one, where a larger value implies
smaller efficiency with a larger room for potential improvement; The input-oriented
scores are equal to or smaller than one, where a value of 1 indicates full efficiency with
smaller values indicating less efficiency.

While radial efficiency measures such as the Debreu-Farrell scores are intuitive and
widely used, they may overlook slack inefficiencies, that is, inefficiencies in specific inputs
or outputs that are not captured by proportional scaling alone. In contrast, non-radial
measures such as the Russell measure account for these slacks by allowing individual
adjustments across inputs and outputs. Rather than assuming uniform contraction or
expansion, the Russell measure permits each input or output to change at its own rate,
offering a more granular assessment of technical inefficiency.

The input-oriented Russell measure minimizes the average contraction across all
inputs while holding outputs constant, thereby capturing inefficiencies that radial models
may miss. The Russell and Debreu-Farrell measures yield identical results only in the
special case where all individual input or output contraction (or expansion) coefficients
(denoted A, or 6,,) are equal. Because the Russell measure accommodates asymmetric
input-output adjustments, it can better reflect the operational flexibility of decision-
making units, although it requires more complex computation and interpretation.

In this paper, we adopt the Debreu-Farrell input-oriented index to estimate pro-

duction efficiency. This nonparametric approach does not require the specification of
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a functional form, making it well-suited to complex production environments involving
multiple inputs and outputs such as those commonly found in agriculture, even though
our specific application involves a single output variable. We choose the radial Debreu-
Farrell measure because our primary interest lies in obtaining overall efficiency scores,
which offer simplicity and facilitate comparability across production units and time pe-
riods. To assess the robustness of our findings, we also estimate efficiency scores using
the non-radial Russell measure and find that the results are qualitatively consistent. An
input-oriented framework is employed under the assumption that producers have greater
control over the use and allocation of inputs such as land, labor, and capital than over
the output, which may be subject to larger measurement error and external influences
such as market conditions.

Following the standard two-stage framework proposed by Badunenko and Tauch-
mann (2019), we compute conditional input-oriented efficiency scores, which reflect rel-
ative production performance while conditioning on relevant contextual variables. To
investigate the determinants of production efficiency, we estimate hybrid models—also
known as correlated random effects (CRE) models—that allow for the separation of
within-region and between-region variation. This framework facilitates a more nuanced
interpretation of both time-varying and region-specific factors. Climate variables include
annual mean temperature and its standard deviation, the latter serving as a proxy for
exposure to extreme weather events. To assess potential moderating effects, we include
interaction terms between organic farming practices and crop diversity, as well as other

relevant covariates.

3.5 Hybrid Models for Within- and Between-Regional Effects

Hybrid and correlated random-effects models offer a valuable compromise between fixed-
effects and random-effects approaches (Allison, 2009; Wooldridge, 2010; Schunck and
Perales, 2017). These models enable unbiased estimation of within-region effects while
retaining information about between-region differences. The hybrid model achieves this
by decomposing each time-varying covariate x;; into two components: the deviation from
its region-specific mean (x; — Z;), capturing within-region variation, and the region-
specific mean Z;, capturing between-region variation.

The generalized linear mixed model (GLMM) specification is
Elyit | wit, wi] = Bw (wit — i) + BBTi + 6t (1)
where z;; represents a time-varying covariate (e.g., crop diversity in region 7 and year

12



t), T; is its region-specific average, and d; captures year-specific effects, such as trends in
technical progress or environmental changes. Note that it is also possible to add other
time-invariant region-level covariates in addition to the mean values of the x-variables.

The term u; ~ N(0,02) is the random intercept accounting for unobserved region-
specific heterogeneity. The coefficients Sy and [Sp estimate the within-region and
between-region effects, respectively. In linear models, By corresponds to the fixed-effects
estimator, ensuring consistency in the presence of unobserved heterogeneity.

An equivalent specification is the correlated random effects model (Wooldridge, 2010),
also referred to as the Mundlak model (Mundlak, 1978), defined as:

Elyit | zit, us]) = Pwxie + 7T + v; + O, (2)

where ¢; represents other time-invariant characteristics of the ith decision-maker (if any),

and the random intercept is specified as:

w; = TZ; + v,  with v; ~ N(0,02). (3)

The inclusion of the individual means z; allows for correlation between covariates and
unobserved individual effects. In this framework, the coefficient 7 captures the difference
between the between- and within estimators, i.e., 7 = g — Bw.

This hybrid modeling approach offers a richer understanding of technical efficiency.
Within-region variation (e.g., year-to-year changes in organic farming share) captures dy-
namic influences, while between-region variation (e.g., persistently high organic shares)
reflects structural differences. Such models are well-suited to multilevel agricultural data,
as they accommodate both time-varying individual-level covariates and time-invariant
regional characteristics. Additionally, the GLMM specification supports bounded de-
pendent variables, such as technical efficiency scores.

We study the hybrid model in two stages. First, we estimate the baseline model
using the full, unbalanced panel of all 240 NUTS2 regions, and then the spatial panel
data models based on the balanced panel by incorporating spatial dependencies. The
comparison between stages (2) and (3) may reveal the influence of spatial structure
on the estimated relationships. We test for spatial autocorrelation using Moran’s I.
Where significant spatial dependence is detected, spatial error or spatial lag models are
employed to account for it. To correct for within-region correlation, we estimate the

robust standard errors, correcting for heteroskedastic effects.
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4 Results

4.1 Baseline model estimates using the full dataset

We begin by testing the assumption of returns to scale using bootstrap methods follow-
ing Badunenko and Mozharovskyi (2016). The null hypothesis of constant returns to
scale (CRS) is strongly rejected at all conventional significance levels (p ~ 0), favoring
variable returns to scale (VRS). Similarly, the hypothesis of non-increasing returns to
scale (NIRS) is also rejected, supporting the presence of flexible returns to scale across
European regions and years.

Under the VRS assumption, we estimate three nested panel data models using the
full dataset, which includes 240 NUTS2 regions in the extended EU (including the UK)
over the period 2006-2019. Table 3 presents the regression results, with significance
levels based on robust standard errors.

Model 1 adopts a basic hybrid specification (Schunck and Perales, 2017) including
only linear terms. Model 2 extends this by incorporating quadratic terms for both within-
region and between-region components. Model 3 further includes all possible interaction
terms among the within-region variables. To enable likelihood-ratio (LR) testing, we
first estimate the models using conventional standard errors.

The LR test comparing Model 2 to Model 1 yields a test statistic of x?(8) = 64.74 (p
= 0.0000), indicating a significant improvement in model fit with the inclusion of non-
linear terms. However, Model 3 does not improve the model further; the test comparing
Model 3 to Model 2 results in x?(6) = 2.47 (p = 0.8717), suggesting that the interaction
terms add no explanatory power. Moreover, none of the interaction terms in Model 3
are statistically significant at conventional levels.

Based on these results, Model 2 is selected as the preferred specification. The signif-
icant variation in the region-specific error component (o, = 0.272) further justifies the
use of a random effects approach to account for unobserved heterogeneity across NUTS2
regions.

Model 2, the preferred specification based on model fit, indicates that within-region
increases in the share of organic farming are positively associated with production effi-
ciency. A similar positive relationship is observed for higher mean annual temperatures.
In contrast, intra-annual temperature variability (measured by the standard deviation
of monthly mean temperatures, std_temp) has a negative effect on efficiency, although
this effect is only marginally significant at the 10% level.

Interestingly, the between-region (cross-sectional) effects for both organic farming

and mixed cropping are statistically insignificant. This suggests that the persistent dif-
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Table 3: Baseline model estimates with the whole dataset from all 240 NUTS regions
(Dependent variable: log efficiency)

Model 1 Model 2 Model 3

Linear = Quadratic Full
Oragnic_within 0.172* 0.244* 0.217
Mixed_crop_within -0.054 -0.353** -0.348**
Temperature_within 0.024*** 0.027*** 0.029***
Std_temp_within -0.005 -0.009* -0.009
Mean organic 0.854 -1.274 -1.326
Mean mixed_crop 1.035** -0.502 -0.503
Mean temperature 0.019** -3.928*** -3.931***
Mean std_temp -0.048*** 0.378** 0.380**
Oragnic_within squared -0.282 -0.242
Mixed_crop_within squared 0.921*** 0.836***
Temperature_within squared 0.021*** 0.017**
Std_Temperature_withinsquared -0.004 -0.005
Mean organic squared 9.040*** 9.058***
Mean mixed_crop squared 6.777 6.764
Mean temperature squared 0.007*** 0.007***
Mean std_temp squared -0.034*** -0.034***
Oragnic_within x Mixed_crop_within 0.196
Oragnic_within x Temperature_within 0.122
Oragnic_within x Std_temp_within -0.039
Mixed _crop_within x Temperature_within -0.106
Mixed_crop_within x Std_temp_within 0.000
Temperature_within x Std_temp_within -0.004
_cons -6.056™*  554.829***  555.174***
Year fixed effect yes yes yes
sigma_u
_cons 0.292*** 0.272%** 0.271***
sigma_e
_cons 0.134*** 0.133*** 0.133***
N 2864 2864 2864

*p<0.10, ** p < 0.05, ™ p < 0.01
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ferences in average organic farming shares across regions do not systematically influence
efficiency. However, several squared terms are statistically significant, including the
quadratic terms for within-region mixed cropping and mean annual temperature. Addi-
tionally, significant effects are found for the quadratic terms of regional averages, such
as those for organic farming share and temperature, implying potential nonlinearities in
how these factors relate to efficiency. Notably, regions with persistently higher organic
farming shares appear to exhibit greater efficiency, although this relationship is only
partially robust.

Given the inclusion of nonlinear terms, marginal effects must be interpreted with
care. Table 4 reports the average marginal effects (AME) across regions. The positive
within-region effect of organic farming supports the argument that organic production
systems can improve efficiency—potentially due to mechanisms such as price premi-
ums, agri-environmental subsidies, or market differentiation (Sandu, 2022; Cristache et
al., 2018). The estimated AME of organic farming on log-efficiency is approximately
24.38%, corresponding to an absolute increase of about 0.11 units from the mean tech-
nical efficiency level of E = 0.4413.

It is important to note that this effect is statistically significant only at the 10%
level. The associated p-value suggests a 93% confidence level, which falls short of the
conventional 95% threshold. Furthermore, the 95% confidence interval includes zero,
with the lower bound being negative, indicating some uncertainty in the direction and
magnitude of the effect.

It is worth mentioning that the estimated relationship should not be interpreted
as strictly causal. A potential selection issue may arise: farms with more favorable
characteristics, such as higher management capacity, access to niche markets, or better
agroecological conditions, may be more likely to adopt organic practices in the first
place. As such, the observed efficiency gains could partly reflect self-selection by more
capable or better-positioned farms, rather than the inherent effect of organic farming
itself. This suggests that decisions to pursue organic production should be made with
careful consideration of farm-specific conditions and potential advantages.

For crop diversity, we find that increased within-region crop diversity—proxied by
mixed cropping—is associated with lower production efficiency, with a p-value of 2.9%.
This result aligns with Koiry and Huang (2023), who used a stochastic frontier analysis-
based Malmquist TFP index to assess productivity changes in Swedish crop production
between 2010 and 2016. Their study, which decomposed productivity into efficiency
change, technical change, and scale change, found that mixed cropping and integrated

farming systems can impede productivity growth. Methodologically, their work closely
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parallels ours, although our analysis covers a broader set of European regions and a
longer time horizon.

At first glance, the negative association between mixed cropping and efficiency ap-
pears to contradict earlier findings that emphasize the productivity and resilience ben-
efits of diversified systems. However, these earlier studies often use different bench-
marks—typically comparing mixed cropping to worst-case scenarios under biotic or abi-
otic stress. Even if mixed cropping improves resilience relative to stressed monocultures,
it may still yield lower absolute output under normal conditions. Thus, our findings
may reflect a reactive shift toward diversification in response to external shocks—such
as market volatility or climate stress—rather than a proactive strategy for enhancing
productivity (Reumaux, 2022; Egli et al., 2021). Moreover, the observed effect could be
confounded by unobserved variables such as exposure to financial shocks or food price
fluctuations.

Several mechanisms may explain the lower economic returns observed in mixed crop-
ping systems. First, while these systems enhance output diversity, the resulting crops
may have lower market value or face weaker demand compared to specialized cash crops
(e.g., wheat or maize), which benefit from well-developed supply chains and price pre-
miums. Additionally, although mixed cropping may increase total biomass or deliver
ecological benefits, such advantages are not fully captured in economic terms within
datasets like FADN, which measures output solely in monetary units (Altieri, 1999;
Vandermeer, 1989). In many cases, farmers who adopt mixed systems prioritize long-
term goals—such as soil health, ecological resilience, or household food security—over
immediate economic returns, potentially accepting reduced short-term revenue in favor
of long-term sustainability (Pretty et al., 2006; Gliessman, 2014).

Second, limitations in the FADN data structure may lead to underreporting or mis-
classification of mixed cropping practices. As FADN is designed around economic ty-
pologies rather than agroecological detail, nuanced or integrated systems may go un-
recognized (European Commission, 2020). Furthermore, mixed cropping is often more
common among small-scale or subsistence-oriented farms, which may generate lower
overall output due to scale limitations rather than inefficiency per se (Hazell et al.,
2007; Lowder et al., 2016). In contrast, monocultures are typically practiced by larger,
capital-intensive, mechanized farms that benefit from economies of scale and market
access. Finally, the relatively short temporal scope of FADN data limits the ability
to capture the long-term benefits of mixed systems, such as improved soil fertility and
greater resilience to climate and market shocks (Snapp et al., 2010; Kremen and Miles,

2012). As such, the observed economic underperformance of mixed cropping may stem
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more from measurement constraints and broader contextual differences than from inher-
ent inefficiency.

Regarding climate effects, we find that mean annual temperature is positively as-
sociated with production efficiency, while intra-annual temperature variability has a
negative impact. These results are consistent with existing literature. Warmer aver-
age temperatures can enhance productivity by extending the growing season, whereas
greater temperature variability within a year can disrupt crop development and reduce
output (Egli et al., 2021; Reidsma and Ewert, 2008). These findings highlight the impor-
tance of not only average climate conditions but also climate stability for maintaining
and improving agricultural efficiency.

In addition to the standard fixed-effects estimates, our hybrid model also provides
estimates of cross-regional (between-region) effects. As shown in Table 4, cross-regional
differences in the share of organic farming, crop diversity, and mean annual temperature
are not significantly associated with production efficiency. This finding is consistent
with Kociszewski and Szubska-Wlodarczyk (2023), who emphasized the heterogeneity
of organic farming performance across EU countries. These results suggest that regional
differences in agro-ecological conditions, market access, and institutional support likely
influence how farming practices translate into productivity outcomes. In other words,
farmers adapt their strategies to local contexts, making it difficult to identify uniform
effects across regions.

To illustrate this heterogeneity, Figure 2 shows the distribution of the estimated
average marginal effects on log-efficiency across NUTS2 regions. The wide dispersion
highlights substantial variation in the effectiveness of practices such as organic farming

and crop diversification, reinforcing the need for regionally tailored agricultural policies.

Table 4: The Average Marginal Effects

Variable dy/dx Std. Err.  z  P-value [95% CI lower] [95% CI upper]
Organic_within 0.2438 0.1424 1.71  0.087 -0.0353 0.5229
Mixed_crop_within -0.3530  0.1619  -2.18  0.029 -0.6704 -0.0356
Temperature_within 0.0274 0.0082 3.33  0.001 0.0113 0.0436
Std_Temperature_within -0.0092  0.0055 -1.66  0.097 -0.0199 0.0016
Mean _organic -0.9214  1.0357 -0.89 0.374 -2.9513 1.1084
Mean_mixed_crop_crop 0.1608 0.6865 0.23  0.815 -1.1847 1.5062
Mean_temperature 0.0036 0.0096 0.38 0.706 -0.0152 0.0225
Mean_std_temp -0.0617  0.0194 -3.18 0.001 -0.0997 -0.0236

18



Density

30 40 50
Density
10 15 20

20

10

m l
] T — — T = T o- T
-5

-1 0 A 2 3 4 0
Marginal within-effect of organic farming (predicted) Marginal within-effect of crop diversity (predicted)
(a) Organic farming (b) Crop diversity

oF - 8 7o

0 - o [T] m

= 3 |
2 2

221 221
) )

0 - 4

© - T T T T O —— T T

=1 ol -.03 0. .01

-.05 0 .05 -.02 -.01 0
Marginal within-effect of annual mean temperature (predicted) Marginal within-effect of temperature variability (predicted)

(¢) Annual mean temperature (d) Temperature variability

Figure 2: Distribution of predicted marginal within-effects

4.2 Spatial Autocorrelation and Balanced Panel Model Estimates

To account for spatial autocorrelation in agricultural productivity, we construct a bal-
anced panel consisting of 150 NUTS2 regions with complete data for all years from 2006
to 2019. Table 5 reports Moran’s I statistics for log-efficiency, which consistently indi-
cate significant spatial dependence across all years. These results confirm the presence of
spatial clustering in efficiency outcomes, underscoring the importance of incorporating
spatial structure into the econometric analysis.

To account for spatial dynamics in agricultural efficiency, we construct a 150x150
spatial weight matrix using GISCO shapefiles and estimate spatial panel models that
include both spatial lag and spatial error components. The results, presented in Table 6,
reflect these spatial dependencies. Likelihood-ratio tests confirm that Model 2, which
incorporates nonlinear terms, provides the best fit to the data. Including interaction

terms (Model 3) does not yield significant improvements in model performance.
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Table 5: Moran’s I Test Results for the log-efficiency measure
(Balanced panel Data: 2006-2019)

Year Moran’sI  E(I) Sd(I) Z P-value

2006 0.1626 -0.0067 0.0701 2.4172 0.0156
2007 0.1294  -0.0067 0.0701 1.9406 0.0523
2008 0.2425 -0.0067 0.0702 3.5474 0.0004
2009 0.1997  -0.0067 0.0702 2.9409 0.0033
2010 0.1983 -0.0067 0.0700 2.9274 0.0034
2011 0.1991 -0.0067 0.0703 2.9272 0.0034
2012 0.2009 -0.0067 0.0702 2.9554 0.0031
2013 0.2396 -0.0067 0.0704 3.4996 0.0005
2014 0.1920 -0.0067 0.0705 2.8171 0.0048
2015 0.2003 -0.0067 0.0704 2.9411 0.0033
2016 0.1904  -0.0067 0.0704 2.7990 0.0051
2017 0.2027  -0.0067 0.0704 2.9755 0.0029
2018 0.1845 -0.0067 0.0704 2.7173  0.0066
2019 0.2102 -0.0067 0.0704 3.0822 0.0021

All three models reveal significant negative spatial error dependence, with A\ = 0.226
at the 1% significance level. This suggests the presence of spatially correlated unobserved
shocks such as regional policies, institutional effects, or climatic events—that influence
efficiency across neighboring regions (Reumaux, 2022).

The likelihood-ratio test results further support this conclusion: comparing Model 2
to Model 1 yields x?(8) = 43.53 with p = 0.0000, while the comparison between Model
3 and Model 2 produces x2(6) = 5.87 with p = 0.4376. These results indicate that the
inclusion of nonlinear terms improves model fit, but the additional interaction terms
offer no statistically significant explanatory power.

Based on the preferred specification (Model 2), we compute and present the average
marginal effects (AMEs) in Table 7, distinguishing between direct effects (within-region)
and indirect spillover effects (across neighboring regions). The indirect effects are gener-
ally insignificant, indicating that changes in one region have limited impact on efficiency
in adjacent regions. Total effects are thus primarily driven by within-region dynamics.

The core findings remain consistent across modeling approaches. Organic farming
continues to show a positive and significant within-region effect on production efficiency,
though slightly attenuated in the spatial model. The marginal effect on log-efficiency
is 0.2101; when applied to the average efficiency score of 0.4412, this translates into an

absolute increase of approximately 0.0927. In practical terms, a shift toward organic
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farming could improve average efficiency from 0.4412 to approximately 0.5339. Since
technical efficiency is measured relative to input use, this implies that farms could achieve
the same output with roughly 9.27% fewer inputs. However, as with previous models, it
is important to acknowledge potential selection effects that may influence this estimate.

For crop diversity, the pattern also aligns with earlier results: within-region increases
in crop diversity (mixed cropping) are negatively associated with efficiency, though the
effect is less pronounced once spatial autocorrelation is accounted for. The marginal
effect on log-efficiency is —0.2950, which corresponds to an estimated decline in absolute
efficiency of around 0.1302. With appropriate caution, we can interpret this as sug-
gesting that farms adopting more diverse cropping systems—whether as a response to
shocks, as part of a transition process, or for ecological reasons—may sacrifice short-term
output efficiency by approximately 13%, within a scale from 0 to 1. These findings un-
derscore the context-specific nature of crop diversification, supporting previous research
emphasizing the importance of regional conditions, adaptive management strategies, and
climate exposure (Reidsma and Ewert, 2008; Egli et al., 2021; Sandu, 2022).

In terms of climate impacts, the results partially diverge from earlier models. While
the within-region effect of higher mean annual temperature remains positive and signifi-
cant, the effect of intra-annual temperature variability becomes statistically insignificant
in the spatial model, with a p-value of approximately 0.348. This suggests that once
spatial error correlation is accounted for, variability in temperature may not indepen-
dently explain efficiency differences within regions. However, the between-region effect
of temperature variability remains negative and statistically significant, highlighting the
persistent vulnerability of regions with more unstable climate conditions.

It is important to note that the average marginal effects (AMEs) derived from the
spatial panel data model are decomposed into direct and indirect effects. The direct
effects capture the impact of changes in a covariate within a region on its own efficiency
outcome. In contrast, the indirect effects (or spillovers) measure the influence of changes
in a covariate in neighboring regions, defined through the spatial weight matrix W, on
the outcome in a given region. As shown in Table 7, the indirect effects are generally
statistically insignificant, indicating minimal spatial spillovers. Consequently, the total
effects (the sum of direct and indirect effects) are overwhelmingly driven by the direct,
within-region effects. These findings are broadly consistent with both the baseline anal-
ysis using the full unbalanced sample and the non-spatial models based on the balanced
panel. In summary, the within-region results reinforce the earlier conclusions: increases
in organic farming are associated with improved efficiency, while greater crop diversity

tends to reduce it. These patterns remain robust across different model specifications.
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Table 6: The spatial panel data model estimates from the balanced panel

(Dependent variable: log efficiency)

Model 1  Model 2 Model 3

Linear = Quadratic Full
Oragnic_within 0.199*** 0.210* 0.208
Mixed_crop_within -0.109 -0.296** -0.290**
Temperature_within 0.024** 0.026*** 0.024**
Std_temp_within -0.004 -0.008 -0.007
Mean organic 0.730 0.970 0.995
Mean mixed_crop 0.568 -0.271 -0.276
Mean temperature 0.021* -2.743*** -2.732%**
Mean std_temp -0.077 1.014*** 1.017***
Oragnic_within squared -0.212 -0.044
Mixed_crop_within squared 1.655** 1.697*
Temperature_within squared 0.016* 0.019*
Std_Temperature_withinsquared 0.004 0.009
Mean organic squared -5.036 -5.434
Mean mixed_crop squared 5.242 5.195
Mean temperature squared 0.005*** 0.005***
Mean std_temp squared -0.085*** -0.085***
Oragnic_within x Mixed_crop_within 0.857
Oragnic_within x Temperature_within -0.061
Oragnic_within x Std_temp_within -0.155
Mixed_crop_within x Temperature_within -0.318
Mixed_crop_within x Std_temp_within -0.271
Temperature_within x Std_temp_within 0.013
_cons -6.503**  385.653***  384.140***
We
Ln_E -0.116 -0.006 -0.012
elLn E 0.338*** 0.226** 0.235%**
Year fixed effect yes yes yes
sigma_u
_cons 0.271*** 0.243*** 0.242***
sigma_e
_cons 0.133*** 0.134*** 0.134***
N 2100 2100 2100
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Regarding climate effects, the spatial model continues to show that higher mean
annual temperatures are beneficial for production efficiency within European regions.
However, the impact of intra-annual temperature variability within regions becomes
statistically insignificant once spatial dependencies are accounted for. In contrast, the
between-region effect of temperature variability remains negative and statistically sig-

nificant, suggesting that regions experiencing greater overall climatic instability tend to

perform less efficiently on average.

Table 7: Average marginal effects based on the spatial model

Effect  Variable dy/dx Std. Err.  z  P>|z| 95% CI Lower 95% CI Upper
Organic_within 0.2101 0.1189 1.77  0.077 -0.0229 0.4430
Mixed_crop_within ~ -0.2962  0.1245  -2.38 0.017 -0.5402 -0.0522
Temperature_within ~ 0.0263 0.0095 2.77  0.006 0.0077 0.0450

Direct Std_temp_within -0.0079  0.0084  -0.94 0.346 -0.0244 0.0086
Mean_organic 0.7687 1.3171 0.58  0.559 -1.8127 3.3501
Mean_mixed_crop 0.2463 0.7068 0.35 0.727 -1.1390 1.6316
Mean_temperature  -0.0007  0.0107  -0.07 0.947 -0.0216 0.0202
Mean_std_temp -0.0958  0.0197  -4.87 0.000 -0.1343 -0.0572
Organic_within -0.0009  0.0125  -0.07 0.944 -0.0254 0.0237
Mixed_crop_within 0.0012 0.0176 0.07 0.944 -0.0333 0.0357
Temperature_within -0.0001  0.0016  -0.07 0.944 -0.0032 0.0030

Indirect Std_temp_within 0.0000 0.0005 0.07 0.944 -0.0009 0.0010
Mean_organic -0.0032  0.0459  -0.07 0.945 -0.0931 0.0868
Mean_mixed_crop -0.0011  0.0157  -0.07 0.946 -0.0318 0.0297
Mean_temperature  -0.0000  0.0001 -0.04 0.969 -0.0001 0.0001
Mean_std_temp 0.0003 0.0044 0.07 0.944 -0.0083 0.0089
Organic_within 0.2092 0.1180 1.77  0.076 -0.0221 0.4405
Mixed_crop_within ~ -0.2950  0.1244  -2.37 0.018 -0.5389 -0.0511
Temperature_within  0.0262 0.0095 2.76  0.006 0.0076 0.0449

Total Std_temp_within -0.0079  0.0084  -0.94 0.348 -0.0244 0.0086
Mean_organic 0.7655 1.3116 0.58  0.559 -1.8051 3.3362
Mean_mixed_crop 0.2452 0.7029 0.35 0.727 -1.1324 1.6229
Mean_temperature  -0.0007  0.0106  -0.07 0.946 -0.0215 0.0201
Mean_std_temp -0.0955  0.0212  -4.51 0.000 -0.1369 -0.0540
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5 Conclusion

This study has explored the intricate relationships between crop diversity, organic farm-
ing, and agricultural productivity across a wide range of European regions, employing
rigorous methodological frameworks that incorporate both spatial and non-spatial dy-
namics. By utilizing a large and harmonized panel dataset from the EU’s Farm Ac-
countancy Data Network (FADN), and by integrating high-resolution climatic data and
advanced econometric modeling techniques, the analysis offers fresh perspectives on how
farm management practices interact with environmental variability to influence produc-
tion efficiency in European agriculture.

The analysis provides clear and consistent evidence that the adoption of organic
farming practices is positively associated with technical efficiency at the within-region
level. This relationship holds across both non-spatial and spatial models, even after
controlling for climate conditions, regional characteristics, and unobserved spatial het-
erogeneity. The implications of this finding are significant. It suggests that localized
transitions to organic agriculture can yield not only environmental benefits such as en-
hanced biodiversity and reduced chemical inputs but also tangible gains in production
efficiency. These efficiency gains may be facilitated by a range of mechanisms includ-
ing access to price premiums, enhanced agroecological knowledge, and the adoption of
more efficient, low-input farming techniques. Importantly, however, the absence of sta-
tistically significant between-region effects suggests that these benefits do not generalize
uniformly across different geographical contexts. Rather, they are dependent on region-
specific conditions, institutional support, and possibly the maturity of organic markets
in the local area.

In contrast, crop diversity exhibits a more complex and somewhat counterintuitive
relationship with production efficiency. The within-region effect of increased crop di-
versity—measured through indicators of mixed cropping—is consistently negative, indi-
cating a trade-off between diversification and short-term output efficiency. This finding
diverges from parts of the existing literature that emphasize the long-term resilience and
ecosystem service benefits of diverse cropping systems. However, it aligns with studies
that highlight the operational and economic challenges faced by diversified farms, partic-
ularly under market conditions that favor specialization. Several plausible explanations
emerge. Diversified systems may demand more labor-intensive management, may not
align well with mechanized operations, or may result in lower-value output mixes. More-
over, they might be adopted as reactive strategies in response to environmental, market,

or institutional uncertainties rather than as proactive measures for optimizing yields.
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Thus, while crop diversity may enhance resilience, soil health, and risk mitigation, these
benefits may not translate into higher efficiency scores in the short term, particularly
within the framework of DEA models that emphasize output per unit input.

Climate variables emerge as powerful determinants of efficiency. Across all models,
higher mean annual temperatures are associated with improved production efficiency,
likely reflecting the agronomic benefits of longer growing seasons and enhanced photo-
synthetic activity. However, greater intra-annual temperature variability exerts a nega-
tive effect on efficiency, though this effect weakens and becomes statistically insignificant
in spatial models. This finding underscores the vulnerability of agricultural systems to
climatic instability and highlights the importance of developing adaptive strategies that
can buffer against temperature fluctuations. Interestingly, the spatial models reveal that
while localized climate variability may be absorbed by regional adaptation measures
or management practices, broader cross-regional climatic instability continues to sup-
press average efficiency. This suggests that macro-scale climatic unpredictability poses
a systemic threat to agricultural performance, even in regions with relatively adaptive
practices.

One of the notable contributions of this study is its methodological approach, which
leverages hybrid panel models and spatial econometric techniques to disentangle within-
region and between-region effects. This distinction is crucial. While within-region effects
capture dynamic changes in farming practices over time, between-region effects reflect
structural differences that are often rooted in geography, policy, and institutional en-
vironments. The analysis reveals that many of the key relationships—including those
involving organic farming and crop diversity—are driven primarily by within-region dy-
namics. This highlights the importance of region-specific strategies and cautions against
drawing generalized conclusions from cross-sectional data alone.

The presence of significant spatial autocorrelation in the residuals also emphasizes the
need to account for spillovers and shared environmental or institutional influences across
neighboring regions. Spatial error dependence suggests that unobserved factors such as
agricultural extension networks, policy diffusion, or informal knowledge transfer play a
role in shaping efficiency outcomes beyond what can be measured directly. This points
to the potential value of cross-regional coordination and cooperative policy frameworks
that transcend administrative boundaries.

While the study provides robust evidence, it is not without limitations. The use
of DEA, while flexible and well-suited to the multi-input, single-output nature of the
data, may be sensitive to measurement error and outliers. Moreover, the FADN dataset

may not fully capture the ecological complexity or long-term sustainability outcomes
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associated with diverse and organic systems. Additionally, the spatial analysis relies
on a balanced panel of 150 regions, which, while methodologically rigorous, necessarily
excludes some regions with incomplete data. Future work could expand the analysis to
include stochastic frontier models, integrate additional agroecological variables such as
soil quality and water availability, and explore causal mechanisms through longitudinal
case studies or natural experiments.

In conclusion, this study advances the understanding of how organic farming, crop
diversity, and climatic variability interact to shape agricultural efficiency in Europe. It
affirms the productivity potential of organic practices when adopted locally and un-
derscores the complexity of crop diversification’s impact on efficiency. The findings
highlight the critical role of climate stability in supporting efficient agricultural systems
and stress the importance of spatial awareness in agricultural policy design. Moving for-
ward, policymakers and researchers must continue to engage with the regional specificity
of agricultural challenges, leveraging both economic and ecological insights to promote

sustainable, resilient, and efficient farming systems in the face of environmental change.
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