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Abstract

The adoption of innovative irrigation technologies is strategic for improving water effi-
ciency and strengthening the resilience of agricultural systems amid growing environmen-
tal, climatic, and economic pressures. This study examines the factors associated with the
adoption of irrigation innovations among 201 FADN fruit and vegetable farms in Basilicata,
Calabria, Campania, and Apulia, using a binary logistic regression model including struc-
tural, attitudinal, economic, and environmental variables. The results show that innovation
orientation and perceived shortage of qualified staff are the factors most strongly associated
with adoption. The former supports the relevance of behavioral and attitudinal factors in
technological investment decisions; the latter may reflect the substitution of scarce special-
ized labor with technology, although reverse causality cannot be ruled out. Perceived high
water costs are also significantly associated with a greater propensity for adoption. Larger
farms (over 14 hectares) show a higher likelihood of adoption, despite perceiving financial
constraints more acutely. Environmental concern and perceived water scarcity show only
marginally significant positive associations (p < 0.10), while organic status and perceived
lack of financial support show no significant association, nor do the socio-demographic
control variables. Overall, irrigation innovation adoption is associated with individual,
structural, economic, and organizational factors, offering insights into policies promoting
efficient irrigation in similar Mediterranean farming contexts.

Keywords: irrigation innovation adoption; water use efficiency; agricultural technology
adoption; farmers’ innovation orientation; sustainable irrigation; logistic regression; FADN
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Efficient irrigation technologies—drip irrigation, sensor-based smart systems, irri-
gation automation, fertigation, and water- and energy-saving solutions—represent a key
adaptation strategy, capable of improving water use efficiency, reducing costs, and strength-
ening resilience to climate variability [9-15]. Accordingly, promoting these innovations is a
priority in European and national agricultural policy [16-18].

Despite their documented benefits, adoption of these technologies remains limited
and uneven. Availability alone does not ensure adoption: farms’ propensity to inno-
vate depends on their ability to sustain investment, acquire skills, access advisory ser-
vices, and reorganize production—factors well documented in the innovation adoption
literature [19-23]. For irrigation technologies specifically, the scale of investment required
makes adoption highly dependent on local agro-climatic conditions and on farms’ capacity
to integrate innovation and assess expected benefits under uncertainty [4,23,24].

While structural and economic determinants of adoption are well studied, research
increasingly considers behavioral dimensions—innovation orientation, openness to change,
and perception of environmental and economic challenges—as influential factors. A re-
cent meta-analysis of international studies [25] shows that evidence jointly analyzing
behavioral, structural, organizational, and economic determinants remains limited, es-
pecially for Mediterranean systems, as most literature treats these determinants sepa-
rately. An integrated approach is thus needed to clarify the relative contribution of innova-
tion orientation, environmental perceptions, farm structure, and perceived constraints to
adoption—particularly in Southern Italy, where climatic pressures intersect with struc-
tural constraints such as farm fragmentation, perceived high water costs, and limited
access to services [4,12]. Farm-level data combining structural, economic, and perceptual
information can help fill this gap.

This study analyzes the factors associated with irrigation innovation adoption among
fruit and vegetable farms in four Southern Italian regions (Basilicata, Calabria, Campania,
and Apulia). In these inland areas—marked by fragmentation, limited services, and
high climate exposure—such data reveal how these pressures shape concrete innovation
choices relevant to territorial development [26]. Understanding how structural, economic,
environmental, and behavioral factors are jointly associated with adoption is essential both
for farm strategy and for rural policy design.

A binary logistic regression model is estimated to assess the associations of farm-
ers’ attitudes, farm structure, economic/organizational constraints, and environmental
perceptions with the probability of adopting irrigation innovations. The study addresses:
RQ1. Which behavioral, structural, and economic factors are associated with irrigation

innovation adoption among fruit and vegetable farms in Southern Italy?

RQ2. To what extent do innovation orientation and environmental perceptions contribute
to adoption relative to structural and economic factors?

RQ3. Do perceived constraints—high water costs, shortage of qualified staff, limited
financial support—act as barriers or drivers of adoption?

The study contributes by integrating behavioral and structural perspectives within
a single empirical framework, offering policy-relevant insights that can inform the
design of strategies for efficient irrigation technologies in comparable Mediterranean
farming contexts.

2. Conceptual Background
2.1. Theoretical Framework: Adoption of Agricultural Innovations

The theory of diffusion of innovations [27]—rooted in agriculture since the early
studies on hybrid seed corn diffusion [28]—describes adoption as a sequential process
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(knowledge, persuasion, decision, implementation, confirmation), shaped by an innova-
tion’s relative advantage, compatibility, complexity, trialability, and observability.

In agriculture, this process is complicated by three factors. First, investments are
often irreversible or entail high conversion costs (irrigation systems, machinery, and land
arrangements); the theory of irreversible investment under uncertainty [29] shows how
this burden the “decision” stage. Second, adoption requires technical skills not always
available on-farm, making persuasion and implementation dependent on access to exten-
sion and technical assistance services, whose role in linking research and farmers is well
documented [30]. Third, the process unfolds amid strong climatic, market, and institu-
tional uncertainty, which destabilizes the “confirmation” stage relative to the original linear
model—consistent with the literature on the dynamic nature of adoption, including trial
phases, partial adoption, and dis-adoption following climatic or economic shocks [31].

This framework is complemented by the economic model of Feder et al. [19], which
systematized the literature on agricultural innovation adoption in developing countries,
identifying four recurring determinant dimensions: entrepreneur characteristics (behav-
ioral and socio-demographic), farm structural characteristics, economic and institutional
conditions, and perception of benefits/risks. For irrigation technologies, adoption depends
on farmers’ future expectations and production needs, but also on institutions, external
information, climatic and local conditions, and interaction with other farmers [9]; deter-
minants remain strongly context-dependent (cultural, territorial, institutional), though
a relatively consistent set of factors recurs across geographical areas [32]. These inno-
vations also pursue multiple, partly competing objectives—productivity, water savings,
cost containment, environmental sustainability—making the Feder et al. [19] framework
particularly suitable for jointly testing behavioral, structural, economic, and perceptual
determinants (RQ1). The following sections operationalize these four dimensions into
research hypotheses and, where the literature does not support a directional expectation,
into control variables.

2.2. Behavioral Determinants: Innovation Orientation and Environmental Perceptions

A first group of determinants concerns the entrepreneur’s individual attitudes (RQ2).
Innovation orientation reflects a personal predisposition toward change and experimenta-
tion, translating into greater risk taking, active information-seeking, and greater readiness
to invest in new technologies. Recent studies confirm its role in adoption: among Italian
cereal farms, those with a stronger entrepreneurial identity showed a higher probabil-
ity of adopting sustainable practices and participating in innovation-oriented contrac-
tual schemes [33]. Similarly, entrepreneurial orientation modeled as a multidimensional
construct—innovativeness, proactiveness, risk taking—helps explain observed heterogene-
ity in sustainable practice adoption [34]. This trait is especially relevant for irrigation
technologies, which require consolidated managerial capability and a long-term outlook:
consistently, innovativeness and risk taking were found to be positively associated with the
intention to adopt new agricultural technologies [35]. It is thus hypothesized that:

H1. A greater innovation orientation increases the likelihood of adopting irrigation innovations.

This dimension is complemented by the entrepreneur’s environmental sensitivity,
since irrigation innovation adoption yields not only economic benefits but also more
sustainable water management. Awareness of environmental consequences positively
influences both subjective norms and attitudes toward adoption [36], while public sup-
port is particularly effective in promoting adoption among farmers with less consolidated
pro-environmental intentions [37]. This link between behavioral determinants and pre-
cision irrigation adoption is further confirmed in a European context, where the pace of
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adoption—despite clear water efficiency and sustainability benefits—proved substantially
conditioned by such behavioral factors [38]. Based on this evidence, it is hypothesized that:

H2. Greater environmental sensitivity increases the likelihood of adopting irrigation innovations.

Closely related is the perception of water scarcity: farmers who experience an un-
precedented increase in restrictions on their water rights convert, on average, 11% more
acreage to more efficient irrigation technologies [39], confirming that it is the subjective
perception of scarcity—rather than objective scarcity—that drives innovative behavior. This
central role of perception is further confirmed in different agricultural contexts: in Burkina
Faso, where farmers’ subjective perceptions of water scarcity proved consistent with the
objective conditions of restricted irrigation access and concretely guided their adaptation
strategies [40]; and in India, where water scarcity perceptions were shown to emerge
from an intricate interaction between memory, past experience, and future expectations,
mediated by normative and socio-demographic factors, and to shape individual adaptive
behavior [41]. Therefore, it is hypothesized that:

H3. A greater perception of water resource scarcity increases the likelihood of adopting
irrigation innovations.

2.3. Economic, Institutional, and Organizational Constraints

Investment decisions in irrigation technologies are strongly conditioned by the eco-
nomic and institutional conditions in which the farm operates, which have been described
in the literature both as barriers and as facilitating factors for adoption (RQ3). A first key
factor is the cost of water: rising water prices can shift the economic viability of irrigation
investments, encouraging the adoption of more water- and energy-efficient systems. This
is consistent with the evidence on perceived water scarcity [39]. This relationship finds
empirical confirmation: an increase in water price, as a policy tool, significantly reduces
irrigation water demand and promotes the adoption of conservation technologies [42,43],
steering farmers toward high-efficiency solutions [44]. In light of these considerations, it is
hypothesized that:

H4. The perception of high-water costs increases the likelihood of adopting irrigation innovations.

A second relevant factor is the availability of public financial support: access to
capital and credit has proven significant in explaining irrigation adoption, particularly the
adoption of modern irrigation [45,46]. The positive effect of public support is confirmed
in the literature [37], as is the role of regulatory instruments such as technology subsidies,
public promotion, and penalties in incentivizing adoption [47]. Limited availability of
incentives, finally, reduces farms’ capacity to bear initial costs, as confirmed by a survey
that found strong willingness to adopt water-saving technologies in the presence of financial
assistance [48]. It is therefore hypothesized that:

HS5. Limited availability of financial support reduces the likelihood of adopting irrigation innovations.

A third factor is the scarcity of skilled personnel. The cost and limited availability of
labor directly constrain the efficient use of water resources [49], while the limited capacity
to manage and maintain systems such as drip irrigation constitutes a further barrier to
adoption [50]. Nevertheless, human capital scarcity can act as a stimulus for the adoption
of more automated, digitalized, and labor-saving technologies. This dynamic is grounded
in the theory of induced innovation [51], according to which the relative scarcity of a
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production factor incentivizes the development and diffusion of technologies capable
of substituting for it with comparatively more abundant factors; this mechanism finds
empirical support in contexts of agricultural mechanization [52]. The labor constraint
thus assumes a dual nature, acting not only as a barrier but also as a driving factor in
organizational innovation processes. Based on these premises, the following hypothesis
is formulated:

Hé6. The scarcity of skilled personnel favors the adoption of irrigation innovations as an organiza-
tional response to labor market constraints.

2.4. Structural Determinants

The structural characteristics of the farm represent one of the most well-established
strands in the literature on the adoption of agricultural innovations (RQ1). Among these,
farm size plays a role of primary importance: larger farms have access to more substantial
financial resources, benefit from economies of scale, and are better able to absorb the initial
costs associated with the adoption of innovative technologies, spreading fixed investments
over a larger production area; conversely, smaller farms face more pronounced obstacles
in accessing credit [9,19]. This evidence is further corroborated by a meta-analysis on the
adoption of agricultural technologies in developing countries, whose results indicate that
the significant effects observed even for theoretically scale-neutral technologies can be
attributed to the presence of fixed costs which, in the absence of adequate access to credit,
hinder adoption by smaller farms—particularly when the technologies in question require
complementary investments, as in the case of irrigation [53-55]. Based on this evidence, it
is therefore hypothesized that:

H7. Farm size is positively associated with the adoption of irrigation innovations.

The organic production method, oriented toward sustainability and efficient resource
use, proves consistent with the adoption of innovative irrigation technologies: a review
confirms that organic practices concretely contribute to water optimization in arid and
semi-arid regions [56]. The comprehensive rethinking of production processes required
by conversion to organic farming also fosters greater openness toward other innovations,
including irrigation-related ones [57-59]. Finally, in the absence of synthetic inputs, water
management becomes even more critical for limiting crop water stress and preventing
fungal diseases. Appropriate water management strategies and advanced irrigation tech-
nologies allow water to be applied precisely and reduce the risk of pathogen spread, making
irrigation a key agronomic practice in organic farming [60]. Organic farms may therefore
be more inclined than conventional ones to invest in precision irrigation technologies. It is
therefore hypothesized that:

H8. Organic farms show a greater likelihood of adopting irrigation innovations.

2.5. Socio-Demographic Characteristics

Finally, the entrepreneur’s socio-demographic characteristics remain among the most
studied variables in the literature, despite showing an overall uncertain effect: they can
influence adoption either positively or negatively depending on the context [61], or have
no significant effect at all [47]. Gender shows equally contrasting results in the literature
on water conservation technologies, with studies reporting both negative and positive
correlations with being male, indicating barriers specific to women farmers linked to the
institutional and territorial context [9]. Education also shows an ambivalent effect: positive
in some cases, where greater awareness and knowledge favor the adoption of micro-
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irrigation technologies [61], and null in others [62]. This heterogeneity is further confirmed
at the aggregate level by a review on climate-smart agriculture, according to which age,
gender, education, and risk perception exert a mixed influence on the adoption of innovative
practices [63]. Given the inconclusive evidence, no directional hypothesis is formulated
for these variables. Instead, the entrepreneur’s socio-demographic characteristics (age
and gender) are included in the logistic model as control variables, in order to account for
individual heterogeneity and to isolate the effects of the variables of interest.

3. Materials and Methods
3.1. Data Collection

Data were collected between November and December 2025 from 201 Italian fruit and
vegetable farms. This sector was selected due to the strategic role of water in production
processes and its higher water requirements compared with other agricultural production
systems [64].

The farms were identified using the database of the Farm Accountancy Data Network
(FADN), the European Union’s official system for collecting farm-level economic and
structural information and a key reference for analyzing the economic and managerial
characteristics of farms across Member States. The network’s sampling design also aims to
ensure adequate representation of the main production systems and different territorial
contexts [65].

Data were collected through face-to-face interviews conducted by specifically trained
FADN enumerators. Farms were selected from among those already included in the FADN
panel in the four regions considered, through non-probabilistic convenience sampling
based on the accessibility of farms to enumerators and farmers” availability and willingness
to participate during the data collection period. No additional stratification or random
selection procedure was applied beyond the existing FADN sampling framework.

Farms were interviewed through a structured questionnaire designed to collect the
information required for the research in a standardized manner. As a non-probabilistic
sampling method, convenience sampling does not guarantee the statistical representa-
tiveness of the sample with respect to the population of fruit and vegetable farms in the
four regions considered; this selection procedure may have introduced selection bias—for
instance, toward farms more accessible to enumerators or more responsive to research
participation—and therefore the results should be interpreted as evidence from the sur-
veyed farms rather than as representative estimates for Southern Italian or Mediterranean
agriculture as a whole.

Table 1 reports the main characteristics of the sample, which is distributed across
Basilicata (24.88%), Calabria (24.88%), Campania (24.88%), and Apulia (25.37%). Farmers
are predominantly male (78.61%), while women account for 21.39%; moreover, 89.05% are
over 40 years old, confirming the aging trend of the agricultural population.

Table 1. Socio-demographic and farm characteristics of the sample (n = 201).

Freq. %
Region
Basilicata 50 24.88
Calabria 50 24.88
Campania 50 24.88
Apulia 51 25.37
Total 201 100.00
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Table 1. Cont.

Freq. %
Gender
Male 158 78.61
Female 43 21.39
Total 201 100.00
Age
<40 years 22 10.95
>40 years 179 89.05
Total 201 100.00
UAA (ha)
<6 ha 69 34.33
>6 ha and <14 ha 65 32.34
>14 ha 67 33.33
Total 201 100.00

In terms of utilized agricultural area (UAA), 34.33% of farms have a UAA < 6 ha,
32.34% have a UAA between 6 ha and 14 ha, and 33.33%have a UAA > 14 ha.

3.2. Questionnaire Structure

The questionnaire was developed to identify the main factors influencing the adoption
of irrigation innovations and was divided into two sections.

The first section assessed the diffusion of technological innovations and the main
challenges related to water resource management for irrigation purposes. Information was
collected on the introduction of farm-level innovations over the previous three years, con-
sidering both the actual adoption of new technologies and the factors that may hinder their
implementation. Respondents were asked whether their farm had adopted innovations
during the period considered and to identify the main barriers to innovation, including
limited financial support and a shortage of qualified personnel.

The section also examined changes in irrigation systems and practices over the pre-
vious three years, focusing on solutions aimed at improving water use efficiency: drip
irrigation systems, sensor-based smart irrigation technologies, system efficiency improve-
ments aimed at reducing water and energy consumption, and fertigation techniques. In
addition to these technology-specific items, farmers were asked a general question—"Has
the farm introduced any irrigation innovations in the last three years?”—which constitutes
the dependent variable used in the logit model. This item captures irrigation-related inno-
vation exclusively and does not extend to broader forms of farm innovation; the individual
technologies were instead recorded separately for descriptive purposes.

Finally, farmers’ main perceived challenges in managing water resources were as-
sessed, with particular attention to the high cost of water for irrigation. All items were
measured using dichotomous variables (0 = No; 1 = Yes) to capture the presence or absence
of the characteristics considered.

The second section assessed the theoretical constructs related to farmers” attitudes and
perceptions toward the adoption of irrigation innovations. These constructs were measured
through 16 items associated with three latent variables: innovation orientation (10), water
scarcity concern (WSC), and environmental concern (EC). Measurement was performed
using five-point Likert scales, ranging from 1 (“strongly disagree”) to 5 (“strongly agree”),
to assess respondents’ degree of agreement with the proposed statements. The definitions
of the items and their descriptive statistics are reported in Table 2.
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Table 2. Descriptive statistics of variables.

Construct Item Mean Std. Dev
(IO.1) I am enterprising and eager to try/
. 1 Q : 3.76 0.90
experiment with innovations.
Innovation (I0.2) I adopt innovations and influence others to do the same. 3.09 1.15
orientation (I0.3) I am willing to follow the example of others in
L . 3.65 0.86
(I0) adopting innovations.
(I0.4) I am always looking for innovations. 3.46 0.97
(I0.5) My opinion on innovations is respected by my colleagues. 3.22 0.88
(WSC.1) Water scarcity will intensify in the coming years. 415 0.67
Water scarcity concern (WSC.2) The overexp101tat'10n of water resources is 406 0.85
(WSC) greater than in the past.
(WSC.3) The quality of irrigation water today is 3.86 0.96
lower than in the past. ' '
(EC.1) Most of the population does not act in an environmentally 393 0.84
friendly manner. ' ’
(EC.2) The limits to economic growth have been exceeded or will be
3.50 0.98
reached very soon.
(EC.3) Environmental protection measures should be implemented
I . 3.46 0.84
even if this results in job losses.
(EC.4) I am concerned about the environmental conditions in which
. . . . 4.10 0.81
Environmental concern our children will have to live.
(EC) (EC.5) Newspaper articles or television reports about environmental 354 1.00
problems make me angry. ' '
(EC.6) If we continue like this, we will be heading toward an 356 0.96
environmental catastrophe. ' '
(EC.7) It is still evident that policymakers are doing too little to 413 091
protect the environment. ' '
(EC.8) For the sake of the environment, we should be willing to limit
. 4.14 0.69
our current lifestyle.
High water costs In recent years, have there been problems related to the high cost of 0.04 043
water for irrigation? ' '
Limited financial support Do you consider the limited availability of financial support to be an 041 0.49
obstacle to the adoption of innovations? ' '
Shortage of qualified staff Do you consider the shortagg of qgahfled §taff to be an obstacle to 0.39 0.49
the adoption of innovations?
Irrigation innovation Has the farm introduced any irrigation innovations
& Y s 032 047

adoption

in the last three years?

The eight items composing the environmental concern (EC) construct capture farmers’
general pro-environmental attitudes and beliefs, rather than attitudes specifically worded
around irrigation or agricultural water management. The domain-specific perception of
water scarcity is instead captured by the separate WSC construct. EC is therefore intended
to test farmers’ broader environmental sensitivity, which is conceptually and empirically
distinct from—though expected to be complementary to—their specific concern about WSC;
consistent with this, the pairwise correlation between the two composite indices in the
present data is weak and not statistically significant (r = —0.059; p > 0.10).

The complete list of questionnaire items and the coding scheme applied to all variables
used in the analysis are reported in Supplementary Materials (Table S1).

As the general question and the technology-specific items were asked separately, the
two measures do not fully overlap: 64 farms answered “Yes” to the general question,
whereas 77 reported at least one of the four specific technologies. The binary model is
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based on the general question, while the count of technology-specific items is used in the
supplementary ordered logit.

3.3. Methods
3.3.1. Measurement of Variables and Scale Validation

The three latent constructs were measured using composite indicators, calculated as
the arithmetic mean of the items comprising each scale: innovation orientation as the mean
of 5 items, water scarcity concern as the mean of 3 items, and environmental concern as the
mean of 8 items. For all constructs, higher values indicate higher levels of the characteristic
being measured. The internal consistency of the scales was assessed using Cronbach’s «
coefficient [66], complemented by corrected item—total (item-rest) correlations to assess the
contribution of each individual item to its respective scale, while the factorial structure and
unidimensionality of the constructs were examined through exploratory factor analysis
(EFA), using the principal factor method and extracting a single factor for each construct.
The suitability of the data for factor analysis was assessed using the Kaiser-Meyer—Olkin
(KMO) index. All analyses were conducted using Stata 19 (StataCorp LLC, College Station,
TX, USA).

3.3.2. Logit Regression

To identify the factors associated with the adoption of irrigation innovations, a logistic
regression analysis was conducted, as the dependent variable is dichotomous, distinguish-
ing between farms that had introduced irrigation innovations during the previous three
years and those that had not. The logit model estimates the probability of adoption as a
function of both dichotomous and continuous explanatory variables:

Logit P(X) = o + Zi—1 X ;X 1)

where P(X) is the probability of adoption, « is the intercept, (3; is the regression coefficient
associated with the i-th independent variable, and Exp(f;) is the odds ratio, expressing
the change in the relative odds of adoption associated with a one-unit increase in the
corresponding explanatory variable. To obtain inference robust to possible misspecification
of the variance structure, Huber-White robust standard errors were computed and reported
alongside the coefficient estimates.

The dependent variable is a dichotomous indicator of irrigation innovation adoption
during the previous three years, based on farmers’ response to the question “Has the farm
introduced any irrigation innovations in the last three years?”. Responses were coded
as 1 if the farm reported having introduced at least one irrigation innovation during the
previous three years, and 0 otherwise, consistent with the coding scheme applied to all
dichotomous items in the questionnaire.

The independent variables include theoretical constructs, perceived barriers, and farm char-
acteristics, together with socio-demographic control variables. Specifically, the model includes
innovation orientation (IO), water scarcity concern (WSC), and environmental concern (EC).

The perceived barriers considered include high water costs for irrigation, limited
financial support, and a shortage of qualified staff. The model also includes organic
farming status and farm size (UAA) as structural characteristics. The gender (1 = female;
0 = otherwise) and age of the farm manager (1 = >40 years; 0 = otherwise) are included
as control variables, in order to account for individual heterogeneity and to isolate the
associations of the theoretical constructs, perceived barriers and structural characteristics
with the probability of adopting irrigation innovations.

Farm size (UAA) was entered in the main model as an ordinal variable (1 = <6 ha;
2 =>6 ha and <14 ha; 3 = >14 ha), consistent with a parsimonious specification given the
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sample size and the number of predictors already included. This specification assumes
a comparable effect of moving between adjacent size categories. To assess the validity of
this assumption, an additional model specification using UAA as a set of dummy variables
(with the smallest class as the reference) was estimated as a robustness check.

4. Results and Discussion
4.1. Adoption of Irrigation Innovations

Farmers could report the adoption of more than one irrigation innovation, as the
four technology-specific items—drip irrigation system, smart irrigation systems (sensors),
fertigation systems, and water- and energy-saving irrigation systems—were assessed
independently of one another, rather than as mutually exclusive categories.

Figure 1 shows a clear prevalence of farms that did not adopt any irrigation innova-
tions, accounting for approximately 62% of the sample (n = 124). Among the remaining
farms, 15.4% (n = 31) adopted one innovation, 9.5% (n = 19) two, 8.0% (n = 16) three, and
5.5% (n = 11) four. Thus, the proportion of farms decreases as the number of adopted
innovations increases, highlighting the limited diffusion of multiple innovation adoption
and marked heterogeneity in farmers’ propensity to invest in irrigation technologies.

150

100+

Farms (n)

50

Irrigation innovations (n)

Figure 1. Number of innovations adopted by farms.

Figure 2 shows the distribution of the main irrigation innovations adopted among
these four technology categories. Water- and energy-saving irrigation systems are the
most widely adopted (n = 54), followed by drip irrigation systems (n = 49) and fertiga-
tion systems (n = 38). Smart irrigation systems based on sensors are the least adopted
(n =20 farms). Overall, farmers tend to prioritize technologies aimed at directly improving
irrigation efficiency and resource conservation, while sensor-based digital solutions remain
relatively limited.

100
90
80
70+

601 54
50

Farms (n)

40+
30
20

I Drip irrigation systems [ Smart irrigation systems (sensors)
[777] Water- and energy-saving irrigation systems [l Fertigation systems

Figure 2. Types of innovations adopted by farms.
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4.2. Measurement of Variables and Scale Validation Results

The results show good reliability for innovation orientation (x = 0.833) and environ-
mental concern (« = 0.803), while water scarcity concern presents acceptable reliability
(o = 0.649), consistent with the limited number of items. The KMO values are 0.768, 0.622,
and 0.828, respectively, indicating adequate sampling suitability for factor analysis. Fac-
tor loadings range from 0.564 to 0.799 for innovation orientation, 0.504-0.674 for water
scarcity concern, and 0.438-0.695 for environmental concern, confirming the unidimen-
sionality of the three scales and supporting the use of composite indicators in subsequent
empirical analyses.

Corrected item-total (item-rest) correlations further support the internal coherence of
all three scales: values ranged from 0.519 to 0.727 for innovation orientation, from 0.410
to 0.548 for water scarcity concern, and from 0.386 to 0.624 for environmental concern, all
comfortably above the conventional 0.30 threshold. For the water scarcity concern scale,
removing any single item would not have improved reliability (« if item dropped: 0.577,
0.425, and 0.649 for WSC.1, WSC.2, and WSC.3, respectively), confirming that its modest,
though acceptable, Cronbach’s o reflects the limited number of items (three) rather than
item incoherence (Table 3).

Table 3. Exploratory factor analysis, item-rest correlations, and reliability statistics of latent constructs.

Item-Rest

Construct Item Loading Correlation o4 KMO
10.1 0.768 0.666
Innovation 10.2 0.720 0.665
orientation 10.3 0.687 0.614 0.833 0.768
(10) 104 0.799 0.726
10.5 0.564 0.519
Water scarcity WSC.1 0.592 0.457
concern WSC.2 0.674 0.547 0.649 0.622
(WSQ) WSC.3 0.504 0.410
EC.1 0.680 0.603
EC.2 0.511 0.444
Environmental EC.3 0.539 0.478
EC.4 0.680 0.591
Co(%‘gm EC.5 0.438 0.386 0.803 0.828
EC.6 0.625 0.557
EC.7 0.574 0.509
EC.8 0.695 0.624

4.3. The Logit Model Results

Tables 4 and 5 report the results of the logit model, whose overall significance
is confirmed by the Wald test (Wald x? (10) = 35.39; p < 0.001). The model shows
good explanatory power (McFadden pseudo-R? = 0.393) and discriminatory ability
(ROC-AUC = 0.897); the information criteria (AIC = 174.707; BIC = 211.044) further support
the adequacy of the model specification.

The model also shows good predictive performance, with 83.58% of observa-
tions correctly classified, a sensitivity of 67.19%, and a specificity of 91.24%, indicat-
ing greater accuracy in identifying non-adopting farms. The positive predictive value
(78.18%) and negative predictive value (85.62%) further confirm the model’s overall good
classification performance.
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Table 4. Logit model results.
Irrigation Innovation Robust Odds Robust o
Adoption Coeff. Std. Err. Ratio Std. Err. p-Value [95% €Tl
Innovation orientation 2.134 0.508 8.453 4.297 <0.001 *** 3.121  22.893
Environmental concern 0.706 0.388 2.026 0.786 0.069 * 0.947 4.334
Water scarcity concern 0.591 0.334 1.805 0.603 0.077 * 0.938 3.475
High water costs 1.385 0.591 3.997 2.361 0.019 ** 1465  12.723
Limited financial support 0.021 0.441 1.021 0.451 0.961 0.430 2.427
Shortage of qualified staff 2.529 0.537 12.541 6.740 <0.001 *** 4373 35960
UAA 0.915 0.244 2.497 0.610 <0.001 *** 1.547 4.032
Gender —-0.716 0.503 0.488 0.246 0.155 0.182 1.310
Age 0.334 0.612 1.397 0.854 0.585 0.421 4.632
Organic 0.414 0.440 1.513 0.666 0.347 0.638 3.587
_ 4.27 x 1.51 x . 411 x
_cons 16.968 3.544 10-8 10-7 <0.001 lo-11 0.000
Number of observations 201
Log likelihood —76.353
Wald x? (10) 35.39
Prob > x? <0.001 ***
McFadden Pseudo R? 0.393
AlIC 174.707
BIC 211.044
ROC-AUC 0.897
Note: * p < 0.10; ** p < 0.05; *** p < 0.001.
Table 5. Marginal effects results.
Irrigation Innovation o
Adoption dy/dx Std. Err. p-Value [95% CI]
Innovation orientation 0.260 0.033 <0.001 *** 0196 0.324
Environmental concern 0.086 0.047 0.068 * —0.006 0.178
Water scarcity concern 0.072 0.040 0.076 * —0.007 0.151
High water costs 0.169 0.058 0.003 ** 0.056  0.282
Limited financial support 0.002 0.053 0.961 —0.102 0.107
Shortage of qualified staff 0.309 0.044 <0.001 *** 0222  0.3%
UAA 0.111 0.029 <0.001 *** 0.053  0.169
Gender —0.087 0.066 0.189 —-0.217 0.043
Age 0.041 0.073 0.579 —0.103 0.184
Organic 0.050 0.057 0.375 —0.061 0.162

Note: * p < 0.10; ** p < 0.05; *** p < 0.001.

The multicollinearity analysis (Table A1) reveals no critical issues: all VIF values are
close to 1 and well below the commonly used threshold of 5 [67], with a mean VIF of 1.08,
while tolerance values (1/VIF) are high. These results indicate the absence of relevant
multicollinearity and support the stability and reliability of the estimated coefficients.

4.3.1. Innovation Orientation and Environmental Perceptions

The strong and highly significant association of innovation orientation with adop-
tion ( = 2.134; OR = 8.453; p < 0.001) supports hypothesis H1 and is consistent with
the behavioral perspective adopted in this study. The corresponding marginal effect
(dy/dx = 0.260; p < 0.001) shows that farms more inclined toward experimentation and
risk-taking exhibit a substantially higher probability of adopting irrigation innovations,
consistent with Rogers’s [27] conceptualization of the individual-level “innovation decision
process” as primarily associated with attitudes toward change rather than with resource
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availability alone. This evidence aligns with the strand of the technology adoption literature
emphasizing its behavioral dimension [19,20], and finds further confirmation in studies on
water-saving technologies, where innovation attitude consistently emerges as one of the
strongest predictors of adoption intention [36].

Environmental concern (3 = 0.706; OR = 2.026; p < 0.10) and perceived water scarcity
(B =0.591; OR =1.805; p < 0.10) are both positively associated with adoption. However, since
both associations are significant only at the 10% level, they only partially support H2 and
H3, with smaller marginal effects than innovation orientation (dy/dx = 0.086; p < 0.10 and
dy/dx = 0.072; p < 0.10, respectively). This pattern is consistent with the literature suggest-
ing that pro-environmental attitudes and risk perception act as complementary rather than
primary drivers of adoption: public support for water-saving irrigation technologies has
proven particularly effective precisely among farmers with weaker pro-environmental
intentions [37], indicating that attitudinal variables interact with structural and eco-
nomic conditions rather than substituting for them. Similarly, perceived—rather than
objective—water availability has been shown to be a significant driver of conservation
investment in other contexts as well [39], suggesting that subjective risk assessment may
play a role in adoption decisions, although in the present sample this association is only
marginally significant.

It is worth noting, however, that perceived water scarcity captures farmers’ subjective
risk assessment and does not necessarily correspond to the actual water-saving potential
associated with adoption: evidence from crop water footprint studies shows that realized
improvements in water use efficiency depend on additional factors—such as crop type and
irrigation management practices—beyond farmers’ perceptions and adoption decisions
alone [68]. This suggests that the behavioral factors identified here should be interpreted as
determinants of the adoption decision rather than as direct indicators of the resulting water
management outcomes.

Overall, these results address RQ2: innovation orientation emerges as the behavioral
factor most strongly associated with adoption, clearly outweighing environmental and
water scarcity perceptions in explanatory strength, whose associations with adoption are
only marginally significant (p < 0.10) and less stable across robustness checks. It should
be noted, however, that in the absence of controls for factors such as access to credit or
advisory services, part of this effect may reflect broader differences in farmers’ economic or
institutional circumstances rather than attitudinal disposition alone.

4.3.2. Perceived Constraints: Barriers or Facilitating Factors?

The results provide a nuanced and partly counterintuitive answer to RQ3. Rather than
uniformly discouraging adoption, two of the three perceived constraints considered—high
water costs and shortage of qualified staff—are significantly and positively associated with
irrigation innovation adoption, suggesting a pattern of positive association rather than
a “barrier” pattern, while the third—limited availability of financial support— shows no
significant association; H5 is therefore not supported. Given the cross-sectional nature of
the data, however, this pattern should be interpreted as consistent with a technology push
mechanism rather than as direct evidence of it: reverse causality cannot be ruled out, since
farms that have already adopted more sophisticated irrigation technologies may, for that
very reason, more acutely perceive a shortage of the specialized skills those technologies
require, or monitor water costs more closely.

Shortage of qualified staff emerges as one of the strongest predictors in the model
(B = 2.529; OR = 12.541; p < 0.001), with marginal effects confirming its relevance
(dy/dx =0.309; p < 0.001). This result is consistent with the “induced innovation” perspec-
tive [69] and with recent evidence showing that labor shortages significantly increase the
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likelihood that farmers adopt labor-saving technologies [70], as well as with the mecha-
nism whereby irrigation technologies equipped with automated components, sensors, or
decision support tools can substitute for scarce specialized labor, reducing the operational
burden associated with manual water management. This evidence is further consistent with
findings from other agricultural contexts, where frictions in factor markets—particularly
the labor market—have proven capable not only of constraining but also of reshaping farm-
ers’ technological choices [49]. This association is consistent with innovation performing
a substitutive function relative to specialized human capital, positioning the perceived
shortage of qualified staff as a plausible “technology push” factor [23,70,71]. An alternative
explanation is that adoption itself raises skill requirements: sensor-based, automated, and
fertigation systems demand technical competencies that traditional irrigation does not.
Farms that have already adopted such technologies may therefore report a shortage of
qualified staff not because it drove adoption, but because adoption created a new need for
specialized skills. Given the unusually large magnitude of this coefficient, and since the
item captures a perceived, post hoc obstacle rather than an ex-ante labor market condition
external to the farm’s technology choices, we consider this reverse-causality mechanism at
least as plausible as, and arguably more likely than, the technology push interpretation. As
the cross-sectional design cannot disentangle the two mechanisms, longitudinal research
is needed. Accordingly, the substitutive role of irrigation innovation vis-a-vis specialized
human capital (H6) should be read as one plausible interpretation among others rather
than the most parsimonious one.

Taken together, the strength and direction of this association are consistent with H6,
though the causal interpretation warrants caution.

The perception of high water costs is likewise positively associated with adoption
(B = 1.385; OR = 3.997; p < 0.05), with marginal effects confirming this relationship
(dy/dx = 0.169; p < 0.05), supporting H4 and being consistent with the interpretation
that economic pressure on the water resource is associated with a higher propensity to
adopt rather than acting as a deterrent, in line with theoretical expectations linking rising
input costs to the higher relative profitability of resource-saving technologies [9].

As discussed above, however, such adoption should not be equated with proportional
gains in water use efficiency, which also depend on crop choice, management practices,
and local agro-climatic conditions.

As with the labor shortage result, the possibility of reverse causality—e.g., farms
with efficient irrigation systems being more attentive to and better informed about water
costs—cannot be excluded given the cross-sectional design.

By contrast, the non-significant association of limited financial support ( = 0.021;
OR = 1.021; p > 0.10) does not support H5, as confirmed by the marginal effects
(dy/dx =0.002; p > 0.10). This result should not be interpreted as evidence that financial
incentives are irrelevant to irrigation innovation in general—a substantial body of literature
documents a positive role for access to credit and subsidies [37,45,46]—but rather suggests
that, in this sample, the effect of perceived financial constraints may be absorbed or condi-
tioned by the stronger influence of innovation orientation and farm size, indicating that
the effectiveness of economic incentives may depend on the presence of other favorable
conditions—a stronger innovation orientation, adequate organizational capacity, and a
clear perception of the economic and managerial benefits arising from new technologies.

Overall, the answer to RQ3 is that, in this sample, perceived constraints are predom-
inantly and positively associated with adoption rather than acting as barriers, with the
partial exception of financial support, whose role appears secondary once behavioral and
structural factors are accounted for. For labor shortages and water costs, this pattern is
consistent with a technology push mechanism, although reverse causality offers an equally
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plausible explanation. Given the cross-sectional design of the study, these findings should
be interpreted as associations rather than as evidence of a causal mechanism.

4.3.3. Structural Factors and Control Variables

Farm size (UAA) is positively associated with adoption (3 = 0.915; OR = 2.497;
p < 0.001), supporting H7, with marginal effects corroborating this relationship
(dy/dx = 0.111; p < 0.001). These results are consistent with what is already well es-
tablished in the international literature on irrigation technology adoption [19,72,73] and
suggest that a minimum scale may be necessary for the fixed costs of irrigation inno-
vation to become economically justifiable, in line with the economies-of-scale mecha-
nism whereby larger farms can spread fixed investment costs over a larger cultivated
area [9]. This is compounded by greater financial capacity, which facilitates coverage
of the initial costs of innovative irrigation technologies, making such investments more
economically advantageous.

By contrast, organic farm status (H8) shows no significant association with adop-
tion, and neither do the socio-demographic control variables. Organic farm status shows
no statistically significant relationship with irrigation innovation adoption ( = 0.414;
OR = 1.513; p > 0.10), as confirmed by the marginal effects (dy/dx = 0.050; p > 0.10). Al-
though organic farms are generally associated with greater attention to environmental
sustainability and efficient resource management, this orientation—embedded in the pro-
duction method—does not automatically translate into greater technological investment,
consistent with the broader observation that the structural and attitudinal dimensions of
sustainability do not always coincide [37].

As for the control variables, neither gender (3 = —0.716; OR = 0.488; p > 0.10) nor
the farm manager’s age (3 = 0.334; OR = 1.397; p > 0.10) is significantly associated with
adoption, as confirmed by the marginal effects (gender: dy/dx = —0.087; p > 0.10; age:
dy/dx =0.041; p > 0.10).

It should be noted that the limited variability in these variables within the
sample—women account for only 21.4% of respondents, and farmers aged < 40 account for
only 11%—reduces the statistical power available to detect gender- or age-related effects,
and the non-significant results should therefore be interpreted with this constraint in mind
rather than as definitive evidence of irrelevance.

This lack of significance mirrors the mixed evidence already reported in the literature,
where the effects of socio-demographic characteristics on irrigation adoption are often
inconsistent across contexts [61]; this does not imply, however, that age and gender are
inherently irrelevant, but rather that, in the sample analyzed and holding other variables
constant, their explanatory contribution is not strong enough to be significantly associated
with adoption.

In response to RQ1, the results indicate that, among the structural, economic, and
behavioral factors considered, and controlling for socio-demographic characteristics, adop-
tion is jointly and most strongly explained by innovation orientation, staff shortages, water
costs, and farm size, while environmental concern and perceived water scarcity show
only marginally significant associations (p < 0.10), organic status shows no appreciable
association, and the socio-demographic control variables are not significant.

4.3.4. Robustness Checks

To assess the stability of the estimated associations, four additional robustness checks
were performed.

First, the model was re-estimated using Firth’s penalized logistic regression to address
potential small-sample bias [74] (Table A2). All coefficients retained their sign, and all
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significant predictors retained their significance except water scarcity concern, which
became borderline (p > 0.10), with only minor attenuation in odds ratio magnitude for
the strongest predictors. This supports the reliability of the main results, while further
underlining the fragility of the association for water scarcity concern.

Second, a leave-one-region-out analysis was conducted, re-estimating the model four
times while successively excluding one region (Table A3). Innovation orientation, shortage
of qualified staff, and UAA remained significant across all four specifications, confirming
the robustness of these predictors. Environmental concern and water scarcity concern, by
contrast, showed less consistent significance depending on the region excluded, suggesting
that these associations should be interpreted with greater caution.

Third, to assess the model’s out-of-sample predictive performance and address the
risk of overfitting given the sample size relative to the number of predictors, a 10-fold
cross-validation of the model’s discriminative ability was performed. The cross-validated
AUC (0.850; 95% CI: 0.791-0.908) was only modestly lower than the apparent in-sample
AUC (0.897), indicating limited overfitting and confirming that the model retains strong
discriminative performance beyond the estimation sample.

Fourth, to test the assumption of a linear relationship between farm size and adoption
implicit in the ordinal specification of UAA used in the main model, the model was re-
estimated replacing the ordinal UAA variable with two dummy variables (UAA class 2, >6
and <14 ha; and UAA class 3, >14 ha), using UAA class 1 (<6 ha) as the reference category
(Table S2). The coefficient for UAA class 3 remained large and highly significant (3 = 1.820;
OR = 6.171; p < 0.001), while the coefficient for UAA class 2 was smaller in magnitude and
not statistically significant (3 = 0.860; OR = 2.363; p > 0.10). Overall model fit was virtually
unchanged (log-likelihood: —76.354 vs. —76.348; McFadden pseudo-R? = 0.393 in both;
LR test p = 0.91), and the dummy coefficients closely match those implied by the ordinal
specification (~0.92 and ~1.83), supporting the assumption of comparable effects between
adjacent size classes. The non-significance of UAA class 2 likely reflects its smaller distance
from the reference category and limited statistical power, while the largest and most robust
difference emerges between the smallest and largest farms.

4.3.5. Intensity and Type of Adoption

The binary dependent variable used in the main model captures whether a farm
adopted at least one irrigation innovation, but does not distinguish between farms adopting
a single, simple technology and those adopting multiple, more sophisticated ones. To assess
whether the main results are robust to this simplification, two supplementary analyses
were conducted.

First, an ordered logistic regression was estimated using the number of innovations
adopted as the dependent variable (Table S3), with the same set of covariates as the main
model. The approximate likelihood ratio test of the proportional odds assumption did
not reject the null hypothesis of parallel lines across response categories (x% (29) = 38.91;
p > 0.10), supporting the appropriateness of the ordered logit specification. The results
show that innovation orientation (OR = 2.542; p < 0.001), high water costs (OR = 5.320;
p < 0.001), and farm size (OR = 1.924; p < 0.05) remain strongly and significantly associated
with adoption intensity, consistent with the main model. By contrast, the shortage of quali-
fied staff, the strongest predictor in the binary model (OR = 12.541), was only marginally
significant when the outcome is measured as adoption intensity (OR = 1.759; p < 0.10).

Among the control variables, gender, non-significant in the main binary model, was
significantly associated with adoption intensity (OR = 0.431; p < 0.05), with female farm
managers showing lower intensity. Given the small share of women in the sample (21.4%)
and the absence of a directional hypothesis, this result should be regarded as exploratory.
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Second, four separate logistic regression models were estimated using each specific
technology (drip irrigation, sensor-based smart irrigation, water- and energy-saving sys-
tems, and fertigation) as the dependent variable (Table S4). Innovation orientation, high
water costs, and farm size remained significant predictors across most or all of the four
technology-specific models, confirming the robustness of these associations. The shortage
of qualified staff, however, was not significantly associated with the adoption of any single
technology when considered individually (p > 0.10 in all four models), although it showed
a positive coefficient throughout. Some technology-specific associations diverge from the
main model—notably a negative association between water scarcity concern and drip
irrigation (OR = 0.441; p < 0.05), and lower fertigation adoption among female-managed
farms (OR = 0.109; p < 0.05), consistent with the lower adoption intensity observed in
the ordered model—and should be regarded as exploratory given the small number of
adopters per technology.

Overall, the supplementary analyses show that the strong association of staff short-
age with adoption observed in the binary model essentially concerns the decision to
innovate—the transition from non-adoption to the adoption of at least one technology—
rather than the choice of a specific technology or broader, multi-technology adoption. In
other words, this factor appears to operate at the extensive margin (whether to innovate)
rather than at the intensive margin (how much and what to adopt). Innovation orientation,
water costs, and farm size, by contrast, are associated with both margins: they relate not
only to the decision to adopt but also, to a considerable extent, to adoption intensity.

4.4. Farm Size and Financial Constraints

Table 6 reports pairwise comparisons across UAA classes, obtained using pwmean
with Tukey adjustment for multiple comparisons, for irrigation innovation adoption and
the perception of limited financial support. Since both variables are dichotomous, the
reported differences represent differences in the proportions of farms across the different
UAA classes.

Table 6. Tukey-adjusted pairwise comparisons across farm size classes (UAA) for irrigation innovation
adoption and perceived financial constraints.

Comparison Between

Estimated

. o s
Variable UAA Classes Difference Standard Error 95% CI Significance
UAA class 2 compared )
Irrigation with UAA class 1 0.044 0.079 —0.142; 0.230 n.s.
innovation U+ class 3 compared 0.260 0.078 0.076; 0.445 o
adoption . g\gthl UA3A class 1 .
class 3 compare _ -
with UAA class 2 0.216 0.079 0.029; 0.403
UAA class 2 compared 0.111 0.084 —0.088; 0.310 n.s.
Limited U AWAlth1 UA;A class 1 .
. . class 3 compare . o
f;ﬂ;r};c(:)li with UAA class 1 0.203 0.084 0.005; 0.401
UAA class 3 compared )
with UAA class 2 0.092 0.085 —0.109; 0.293 n.s.

Note: UAA class 1 =

<6 ha; UAA class 2 = >6 and <14 ha; UAA class 3 = >14 ha. ** p < 0.05;

n.s. = not significant.

Regarding irrigation innovation adoption, farms with UAA >14 ha show a significantly
higher proportion of adopters than both farms with UAA <6 ha and those with UAA >6 and
<14 ha, with differences of 0.260 and 0.216, respectively, corresponding to approximately
26 and 22 percentage points. No significant difference is observed between farms with
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UAA <6 ha and those with UAA >6 and <14 ha (0.044; p > 0.05). Thus, the main adoption
gap occurs between larger farms and the two smaller size classes, a pattern consistent
with the economies-of-scale mechanism whereby larger farms can spread the fixed costs of
irrigation investment over a greater cultivated area [9] and with the broader international
evidence linking farm size to irrigation technology adoption [19,75-77].

Note that these are unadjusted differences in proportions; once other covariates are
controlled for, the multivariate robustness check (Section 4.3.4) indicates comparable effects
between adjacent size classes on the log-odds scale.

Regarding the perception of limited financial support, a significant difference emerges
between farms with UAA >14 ha and those with UAA <6 ha (0.203; p < 0.05), indicating a
higher proportion of farms perceiving this constraint in the largest size class. No signif-
icant differences are observed between farms with UAA >6 and <14 ha and those with
UAA <6 ha (0.111; p > 0.05), or between farms with UAA >14 ha and those with UAA >6
and <14 ha (0.092; p > 0.05). This heightened sensitivity to financial constraints among
larger farms is plausibly linked to the greater capital intensity of the investments they
undertake and is consistent with the literature emphasizing the role of access to credit and
subsidies in shaping technology investment decisions [37,45].

Overall, the pairwise comparisons show that farm size significantly differentiates
irrigation innovation adoption, with higher adoption among farms with UAA >14 ha. The
greater perception of financial constraints among larger farms compared with smaller farms
may instead reflect the higher capital requirements associated with technological invest-
ments. These findings further support the role of farm size both in adoption propensity
and in the economic conditions accompanying the innovation process.

4.5. Policy Implications

In light of the results, policies aimed at promoting irrigation innovation should fo-
cus less on the mere availability of technologies and more on the conditions that make
their adoption feasible at the farm level. Our findings point to behavioral, organizational,
and structural conditions—captured by innovation orientation, staff shortages, and farm
size—as the factors most closely associated with adoption, while perceived financial con-
straints show no significant association; this does not imply that financial support is
irrelevant in general [37,45,46], but suggests that its effectiveness may depend on the pres-
ence of these other conditions. Public action could therefore combine technical advisory
services, skills development, and instruments tailored to farm size, consistent with the
broader rationale for public intervention where market forces alone may not ensure eq-
uitable diffusion of efficient irrigation technologies, given high investment costs and the
collective dimension of the associated environmental benefits [3,19].

The relevance of innovation orientation indicates that willingness to experiment
with new technologies may act as a driver of change, not merely a function of resource
availability [78]. This suggests that policy should also strengthen farmers’ cognitive and
organizational capacities—through advisory services, demonstration farms, field trials,
and peer-to-peer learning [23,24,68]—rather than relying on investment subsidies alone;
strengthening Agricultural Knowledge and Innovation Systems (AKIS) and territorial
networks linking farmers, advisors, and researchers may support this process, though these
specific instruments were not directly tested here.

The strong association between staff shortage and adoption suggests a plausible policy
implication: investment in vocational and technical training for farm labor, targeted at the
operational skills required by automated, digital, and labor-saving irrigation technologies
(smart systems, fertigation, sensors, and decision support tools). Such training could
ease the human capital constraint associated with adoption in our model; however, the
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cross-sectional design does not allow us to rule out that this constraint is itself partly a
consequence of prior adoption—a possibility that future longitudinal research, potentially
informed by the roll-out of such training programs, could help clarify. Moreover, since
this association operates mainly at the extensive margin, training may be most relevant for
supporting farms’ first step into irrigation innovation. Without accompanying technical
assistance and continuous training, innovation risks remaining concentrated among already
more structured farms.

The robust association between farm size and adoption similarly translates into
a direct policy implication: financial support instruments should be differentiated by
UAA, rather than applying uniform funding schemes. Although larger farms more fre-
quently perceive financial constraints—likely reflecting the greater capital intensity of their
investments—smaller farms adopt significantly less, suggesting that the barriers they face
may lie in the economic viability of irrigation investment at small scale rather than in
perceived access to funding. Calibrating support rates, investment thresholds, and admin-
istrative procedures to farm size—for instance, through higher support rates or collective
investment schemes for smaller farms [37,45]—could help make such investments viable
for smaller farms, directly addressing the structural gap identified in our data.

Finally, the association between high water costs and adoption suggests that irrigation
innovation should be framed as an economic resilience strategy, not only an environmental
one. However, since technology adoption alone does not guarantee proportional water
savings, such policies should be paired with monitoring tools tracking actual water use
outcomes and embedded within broader water governance frameworks (on-farm audits,
irrigation consortium tools, territorial water reuse strategies [1,3,68,79] to ensure that
technical efficiency gains translate into real reductions in water use.

5. Limitations and Future Research

This study presents several limitations. The sample is relatively small and concentrated
in four regions of Southern Italy, limiting the generalizability of the findings to other Italian
regions and Mediterranean agricultural systems with different institutional, climatic, and
socio-economic conditions. Importantly, the non-probabilistic nature of the sampling
design does not invalidate the associations identified in the analysis, but it does mean
that the results should be read as evidence drawn from the surveyed farms rather than as
statistically representative of Southern Italian or Mediterranean agriculture. Moreover, the
use of convenience sampling may have introduced selection bias. Future studies should
therefore rely on larger and probability-based samples to strengthen external validity.

The cross-sectional design allows the identification of associations but not causal
effects; therefore, the direction of causality between innovation orientation, staff shortages,
water costs, and adoption cannot be established with certainty. Longitudinal data would
allow the analysis of temporal dynamics and provide stronger causal evidence. A related
concern is common method bias: both the perceived constraints and the adoption-relevant
attitudes were collected from the same respondent through the same instrument, which
may inflate the observed associations beyond their true magnitude. While this is a general
limitation of single-source survey data, it is particularly relevant for the interpretation
of the positive associations reported for staff shortages and water costs, where reverse
causality—adoption increasing the perceived need for skilled labor or attention to water
costs—represents a plausible alternative explanation that the present cross-sectional design
cannot rule out.

Relatedly, the relatively large odds ratio estimated for the shortage of qualified staff,
combined with the moderate size of the adopting subsample, suggests that this coefficient
should be interpreted with some caution; although the low VIF values indicate no multi-
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collinearity concerns, future studies with larger samples would help confirm the stability
of this estimate.

A related methodological limitation concerns the specification of farm size (UAA) in
the main model. UAA was entered as an ordinal variable across three categories, which im-
plicitly assumes a comparable effect of moving between adjacent size classes. A robustness
check using dummy variables (Section 4.3.4) supported this assumption, with virtually
identical model fit and coefficients closely matching those implied by the ordinal speci-
fication. However, the coarse three-class grouping may mask more nuanced size effects,
and the non-significance of the intermediate class in the dummy specification—together
with the unadjusted differences in Table 6—indicates that the most robust difference lies
between the smallest and largest farms. Future studies could use UAA as a continuous
variable or finer size classes to better characterize this relationship.

Some variables, particularly innovation orientation, environmental concern, and per-
ceived water scarcity, are based on self-reported perceptions and may be subject to social
desirability, recall bias, and differences in the interpretation of questionnaire items. Al-
though the use of multi-item scales and reliability and factor analyses support their validity,
future research could complement these measures with objective indicators such as water
consumption, irrigation costs, energy use, training, access to technical assistance, and
documented investments. Consistent with this concern, Firth’s penalized logistic regression
and a leave-one-region-out check showed that innovation orientation, shortage of qualified
staff, and UAA were robust predictors of adoption, while environmental concern and water
scarcity concern showed marginal and less stable significance—with the association for
water scarcity concern even reversing sign when one region (Campania) was excluded.
High water costs were largely robust but lost significance in one of the four regional ex-
clusions. These results suggest that the perceptual variables, in particular, should be inter-
preted with caution and warrant further investigation with larger and more geographically
diverse samples.

The dependent variable captures only whether farms adopted at least one innovation
during the previous three years. Although appropriate for the logit model, this measure
does not account for the intensity, complexity, or economic relevance of adoption, treating
single simple technologies and multiple sophisticated innovations equivalently. Future
studies could further employ multinomial, ordinal, or count data models to distinguish
different levels and types of adoption. A supplementary ordered logit analysis and a set
of technology-specific models partly address this limitation and show that the association
between staff shortage and adoption is considerably weaker when adoption intensity or
technology type is considered, whereas innovation orientation, water costs, and farm size
remain robust across specifications.

Finally, the model does not include other potentially relevant determinants, such as
profitability, access to credit, prior participation in subsidy schemes, agricultural extension
or advisory services, farmers’ education and technical knowledge, water source, crop
composition, existing irrigation infrastructure, and objective measures of water availability
or scarcity. While not all of these variables were collected in the survey, their absence
represents a potential source of omitted-variable bias, and the estimated coefficients should
therefore be interpreted with this constraint in mind. This concern is particularly relevant
for the behavioral constructs included in the model: innovation orientation, environmental
concern, and perceived water scarcity may partly reflect differences in farmers’ underlying
economic or institutional circumstances—for instance, better access to credit or advisory
services may be associated with both a stronger innovation orientation and a higher
probability of adoption—rather than purely individual attitudinal traits. To the extent that
such omitted factors are correlated with both the included behavioral variables and the
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probability of adoption, the estimated effects of innovation orientation and other perceptual
constructs may be partly confounded and should be interpreted as associations net of the
observed control variables rather than as isolated behavioral effects.

6. Conclusions

The aim of this study was to identify the factors associated with irrigation innovation
adoption among fruit and vegetable farms in Southern Italy. Given the cross-sectional
design of the survey, the findings should be interpreted as associations within the surveyed
sample rather than as evidence of causal relationships.

The findings suggest that adoption is best explained through an integrated framework
combining behavioral, structural, organizational, and economic perspectives.

Innovation orientation and labor shortages emerge as the strongest correlates of
adoption, and perceived high water costs are also positively associated with adoption;
the latter two associations are consistent with a technology push interpretation, although
reverse causality—adoption itself increasing the perceived need for skilled labor or attention
to water costs—cannot be ruled out, and the possible influence of unobserved economic and
institutional factors on these associations should be kept in mind. Farm size is positively
associated with adoption, consistent with the economies-of-scale mechanism and greater
investment capacity typically observed in larger farms, while environmental sensitivity
and awareness of water scarcity show only marginally significant (p < 0.10) and less stable
positive associations, providing only partial support for the corresponding hypotheses.

By contrast, organic farm status and perceived financial support do not significantly
explain adoption behavior once these broader determinants are accounted for, and the
socio-demographic control variables (gender and age) are likewise not significant.

These results contribute to a more nuanced understanding of irrigation innovation
adoption by showing that technological uptake is not associated with a single category of
factors, but with the joint presence of farmers’ innovation orientation, structural conditions,
organizational constraints, and economic pressures. In particular, the findings highlight the
relevance of farmers’ propensity to innovate, farm size, high water costs, and the shortage
of qualified labor as key dimensions associated with adoption decisions in irrigated fruit
and vegetable systems.

The shortage of qualified staff, in particular, may partly reflect not only a labor mar-
ket constraint, but also the organizational pressure associated with farms’ investment in
technologies aimed at maintaining productivity and operational efficiency—an association
observed mainly in the decision to adopt at least one innovation rather than in adoption
intensity. This reinforces the view that irrigation innovation should be understood not only
as a technological investment, but also as a possible organizational adaptation to labor,
economic, and environmental pressures.

The study emphasizes the need to interpret irrigation innovation as a multidimensional
process embedded in farm-level capabilities and resource constraints.

While the findings are drawn from a convenience sample of 201 farms in four Southern
Italian regions and cannot be extended as representative of Mediterranean agriculture more
broadly, they offer indicative evidence relevant to the broader socio-economic context in
which these farms operate.

From this perspective, the analysis offers an empirical basis for future research on how
different types of farms respond to technological opportunities and external pressures, and
on how innovation pathways may vary according to structural and territorial conditions.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/agriculture16192172/s1, Table S1: Questionnaire items and coding
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scheme for the variables used in the analysis; Table S2: Comparison of odds ratios (OR), robust
standard errors (SE), and p-values between the main logistic regression model (UAA entered as
an ordinal variable) and an alternative specification in which UAA is entered as dummy variables
(UAA class 1, <6 ha, as reference category); Table S3: Ordered logistic regression on the number of
innovations adopted; Table S4: Logistic regression models by specific irrigation technology: odds
ratios (p-values in parentheses).
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Appendix A

Table A1l. Variance Inflation Factors (VIFs).

Variable VIF 1/VIF
Water scarcity concern 113 0.888764
High water costs 1.12 0.893248
Limited financial support 1.11 0.904838
Environmental concern 1.11 0.904870
Organic 1.10 0.912569
UAA 1.07 0.934795
Innovation orientation 1.04 0.957349
Gender 1.04 0.959615
Shortage of qualified staff 1.03 0.967808
Age 1.02 0.982867

Mean VIF 1.08

Table A2. Comparison of odds ratios (OR), 95% confidence intervals, and p-values between the
standard logistic regression model and the Firth penalized logistic regression model for irrigation
innovation adoption.

Standard Logit Firth Penalized Logit
Variable OR 95% CI p-Value OR 95% CI p-Value
Innovation orientation 8.453 3.913-18.264 <0.001 *** 6.935 3.368-14.280 <0.001 ***
Environmental concern 2.026 0.927-4.430 0.077 * 1.938 0.919-4.087 0.082*
Water scarcity concern 1.805 0.923-3.532 0.084 * 1.697 0.903-3.189 0.100
High water costs 3.997 1.465-10.905 0.007 ** 3.603 1.385-9.374 0.009 **
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Table A2. Cont.
Standard Logit Firth Penalized Logit
Variable OR 95% CI p-Value OR 95% CI p-Value
Limited financial support 1.021 0.431-2.418 0.961 1.020 0.448-2.323 0.963
Shortage of qualified staff 12.541 4.732-33.241 <0.001 *** 10.111 4.044-25.279 <0.001 ***
UAA 2.497 1.465—-4.257 <0.001 *** 2.300 1.387-3.813 <0.001 ***
Gender 0.488 0.165-1.444 0.195 0.522 0.186-1.463 0.217
Age 1.397 0.428-4.559 0.580 1.382 0.451-4.237 0.572
Organic 1.513 0.602-3.799 0.378 1.461 0.606-3.520 0.398
Model fit statistics
Number of observations 201 201
Log likelihood /Penalized —76.353 —65.816
log likelihood 98.81 43.81
LR x2 (10) <0.001 *** <0.001 ***
Prob > x2
Note: Standard logit estimated with conventional (non-robust) standard errors for comparability
with the Firth model. *** p < 0.001, ** p < 0.05, * p < 0.10.
Table A3. Odds ratios from the logistic regression model re-estimated while successively excluding
one region at a time.

Variable Excl. Basilicata Excl. Calabria Excl. Campania Excl. Apulia
Innovation orientation 10.222 *** 7.210 *** 16.968 *** 6.557 ***
Environmental concern 2.866 * 2.095 2.964 * 1.507
Water scarcity concern 3.436 ** 1.398 0.460 2277 *

High water costs 4143 * 11.542 *** 4218* 2.276
Limited financial support 0.815 0.743 1.134 1.390
Shortage of qualified staff 15.719 *** 11.232 *** 14.963 *** 13.817 ***

UAA 2.068 * 4.146 *** 2.181* 2.373 **
Gender 0.590 0.584 0.333 0.557
Age 1.046 1.868 1.172 1.873
Organic 2.619 0.783 1.923 1.341
N 151 151 151 150

% p < 0,001, ** p < 0.05, * p < 0.10.
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