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Abstract

Economic and technical barriers to agricultural technology adoption are widely docu-
mented, but less is known about how social and psychological factors shape farmers’
intention to adopt smart irrigation systems in post-communist transition economies. This
study examines smart irrigation adoption intentions among 368 farmers in Albania, an EU-
candidate country characterised by smallholder farming, land fragmentation and uneven
technological diffusion. Drawing on the Technology Acceptance Model (TAM), the Unified
Theory of Acceptance and Use of Technology (UTAUT), and motivation perspectives, we
analyse how social influence, self-efficacy and task-technology fit shape adoption inten-
tions. Partial Least Squares Structural Equation Modelling (PLS-SEM) shows that social
influence is the strongest direct predictor of intention to use smart irrigation systems, while
self-efficacy and task-technology fit also contribute to farmers’ perceptions and intentions.
Perceived usefulness has a stronger role than perceived ease of use, suggesting that farmers
prioritise practical benefits such as water efficiency, productivity and farm-level utility
over usability alone. The findings show how social embeddedness, farmer confidence
and task compatibility shape smart irrigation intentions in a post-communist agricultural
context, and suggest that policy should strengthen peer learning, farmer champions and
community-based diffusion mechanisms.
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and is shaped by technological, economic, social and institutional factors, particularly in
developing and transition economies where traditional farming practices remain deeply
rooted [6,7]. Understanding the drivers of farmers’ intentions to use agricultural technol-
ogy is therefore important for supporting innovation and sustainable transformation in
farming systems.

Agriculture also faces significant challenges in the 21st century, including climate
change, population growth and resource scarcity, which increase the need for technological
adaptation to maintain and improve productivity [8-11]. Although previous research has
documented technical and economic barriers to agricultural technology adoption, less is
known about the psychological and social determinants that influence farmers” adoption
decisions in post-communist transition economies [12-14]. This gap is important because
adoption decisions in such contexts may be shaped not only by individual evaluations
of usefulness and ease of use, but also by institutional uncertainty, community-based
knowledge exchange and the social legitimacy of new technologies.

Post-communist transition economies such as Albania provide a particularly relevant
context for examining these issues. Despite decades of institutional reform following the
collapse of centralised planning systems [15], agricultural productivity in EU candidate
countries remains constrained by fragmented landholdings, underdeveloped infrastructure
and persistent gaps in innovation adoption [16,17]. While digital transformation in agri-
culture has been widely studied in stable EU economies [4], less is known about adoption
mechanisms in transition contexts marked by evolving market institutions, uneven support
structures and socially embedded rural decision-making [18-22]. Albania is therefore not
simply a new geographical setting, but a theoretically informative case for examining
agricultural technology adoption under post-communist transition conditions.

Building on this context, the present study examines how task-technology fit (TTF),
self-efficacy (SE) and social influence (SI) shape farmers’ intentions to adopt smart irri-
gation systems. The study argues that, in rural economies characterised by smallholder
dominance, low technological penetration and reliance on community-based knowledge
networks, farmers’ adoption intentions may not be driven only by perceived usefulness
and ease of use, as assumed in conventional TAM-based approaches [14]. These intentions
may also depend on whether the technology fits everyday farming practices, whether farm-
ers feel confident in their ability to use it, and whether trusted peers and local networks
legitimise its adoption. In this way, the study examines whether established technol-
ogy adoption models require contextual refinement when applied to post-communist
agricultural settings.

Albania’s agrarian transition since the 1990s has created a complex duality: market
liberalisation coexists with legacies of collective farming, while EU integration pressures
require rapid technological modernisation [15,18]. Recent analyses of EU candidate coun-
tries show that Albania’s innovation index score lags significantly behind the EU average,
reaching 42.3% of EU-27 levels in 2023, while agricultural technology adoption remains
low despite substantial subsidy programmes [16,17]. Contemporary research on tech-
nology adoption predominantly focuses on stable market economies and often relies on
frameworks such as TAM and UTAUT [4,23]. However, these models do not adequately
account for the institutional voids, path dependencies and social network dynamics that
are common in transition economies [18,24,25]. Preliminary evidence from Albanian dairy
farms suggests that subsidies may increase herd sizes but do not necessarily stimulate
yield-enhancing technological investments [21], highlighting the need for deeper analysis
of the psychological and social barriers to adoption.

The theoretical contribution of this study lies in explaining how post-communist
transition conditions may reshape the mechanisms of agricultural technology adoption.
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Existing TAM-, UTAUT- and TTF-based studies have provided important insights into
technology adoption across agricultural contexts, but they often assume relatively stable
institutional environments and individualised decision-making. In contrast, Albania’s rural
economy allows us to examine how institutional voids, path dependencies from agrarian
transition, limited formal support systems and socially embedded farming communities
modify these relationships. The study argues that, in such contexts, SI is not merely
an external pressure, but a mechanism through which trust, legitimacy and uncertainty
are negotiated within farming communities. Similarly, SE reflects more than individual
confidence; it captures farmers’ perceived ability to engage with unfamiliar technologies
in a setting where formal advisory and technical support remain uneven. TTF is also
theoretically important because smart irrigation systems must align with smallholder
routines, resource constraints and local water-management practices. The study therefore
contributes by offering a context-sensitive refinement of agricultural technology adoption
theory, showing how social embeddedness, capability constraints and task compatibility
interact in post-communist transition economies. Accordingly, the novelty of this study
is not limited to extending existing models to Albania but lies in showing how transition-
economy conditions can alter the relative importance and interpretation of established
adoption constructs.

2. Literature Review
2.1. Theoretical Grounds

Several theoretical models have been developed to explain factors that influence
information technology acceptance. The conceptual foundation of the present study is
informed by three theoretical perspectives: the TAM [26], EIM (extrinsic and intrinsic
motivations), which include the extrinsic construct of TTF [27] and the intrinsic construct
of SE [28] and the SI component of the UTAUT [29].

The TAM, introduced by Davis [26] and rooted in the Theory of Reasoned Action [30],
is the most widely used framework for explaining technology acceptance [31,32]. TAM ex-
plains how perceived ease of use and perceived usefulness shape users’ attitudes, intentions
and actual technology use [33]. Building on TAM, the Unified Theory of Acceptance and
Use of Technology (UTAUT), developed by Venkatesh et al. [34], synthesises key constructs
from eight foundational theories to explain technology adoption through factors such
as performance expectancy, effort expectancy, social influence and facilitating conditions.
UTAUT [29] extends its applicability by incorporating additional constructs such as he-
donic motivation, price value and habit, with particular emphasis on social influence as
a determinant of behavioural intention. Given the collectivist and community-oriented
nature of Albanian rural society, the inclusion of social influence in this study is important
because social norms and peer influence may strongly shape farmers’ willingness to adopt
new technologies.

The TTF model introduced by Goodhue and Thomson [27] suggests that technology
adoption and use are determined by the degree of alignment between task requirements
and technological capabilities. Greater alignment increases the likelihood of adoption,
which is particularly relevant in agriculture given the diverse and complex nature of farm-
ing tasks. Complementing this, SE, a motivational factor rooted in Bandura’s [35] social
cognitive theory, refers to an individual’s belief in their ability to carry out the actions
needed to achieve specific outcomes. Shaped by experience, motivation and emotion [35],
SE significantly influences motivation and behaviour. In agriculture, it plays an impor-
tant role in shaping farmers’ confidence, perceived ease of use and willingness to adopt
technological innovations.
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2.2. Hypothesis Development and Conceptual Framework

The fit between farming tasks and technological capabilities represents a core require-
ment for technology adoption in agricultural settings. Since the introduction of TTF by
Goodhue and Thomson [27], many studies have examined its critical role in technology
acceptance and use [36—40]. Studies integrating TAM and TTF have demonstrated greater
explanatory power than either model individually [41].

Keil et al. [36] emphasised the importance of TTF in designing for ease of use, as
PEOU encompasses more than user interface factors and may be influenced by broader,
macro-level considerations of TTF. A later study also showed that TTF affects perceived
ease of use regardless of the system’s interface design [39]. Existing findings indicate that
strong TTF enhances perceived ease of use (PEOU) by making tools appear easier to use
for their intended tasks [37,40—42]. This is consistent with evidence from agriculture; for
example, Aparo et al. [43], showed that when farming tools align well with specific tasks,
they are perceived as easier to use, highlighting the role of TTFE. In contrast, Li et al. [44]
found that system characteristics, a key component of the TTF model, did not have a
significant positive influence on perceived ease of use in the context of participation in
vegetable traceability systems. Therefore, the following hypothesis is proposed:

H1. Task-technology fit (TTF) has a positive direct effect on Farmers’ Perceived Ease of Use (PEOU).

Farmers’ confidence in their ability to implement and use new technologies effectively
represents a key psychological factor influencing adoption intentions. SE has been widely
studied in relation to PEOU [37,45-47], including agriculture [48-51]. Research in agri-
culture shows that farmers with high SE are more likely to perceive sustainable farming
technologies [50,52,53] and e-learning platforms [49,51] as easy to use.

Contradictory findings were reported in the study of Amin and Li [48], who found
that, in the Chinese context, SE, regarded as an intrinsic motivational factor that could en-
courage local farmers to adopt information technology solutions, did not directly influence
perceived ease of use.

Extensive research highlights the pivotal role of SE in shaping individuals’ intention to
use technology (ITU) [28,37,52,54-60]. Moreover, this relationship is often mediated by key
adoption factors, including PEOU, Perceived Usefulness (PU) and Attitude Toward Use
(ATT). These mediators reinforce the idea that when farmers perceive technology as both
accessible and useful, their sense of SE further solidifies the intent to adopt it [37,47,61].
Performance and effort expectancies were also identified as mediating variables between
SE and farmers’ intention to adopt digital payment in the study by Lihn et al. [56].

While most studies within and outside the agricultural sector show a positive effect
of SE on PEOU and ATT [37,47,51,52], its impact on PU is not always significant [53] or
may be indirect, influencing PU through PEOU [46]. Furthermore, Venkatesh et al. [34]
found no direct effect of SE on ITU beyond the influence of PEOU. Considering the distinct
socio-economic and cultural factors in Albania that could influence farmers’ perceptions,
the following hypothesis is formulated:

H2. Self-Efficacy (SE) has a positive direct effect on (a) Farmers’ Perceived Ease of Use (PEOU),
and (b) Farmers’ intention to use smart irrigation systems (ITU).

The importance of PEOU has been widely recognised in prior studies, which consis-
tently show significant relationships between PEOU and PU [33,37,59,62—64]. The rela-
tionship between the two constructs is well established in TAM literature, where PEOU
is often viewed as a direct antecedent of PU [26,59]. This underscores the importance of
user-centred design, ensuring that both usability and functional benefits are tailored to sup-
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port technology acceptance [65]. These findings align with evidence from the agricultural
sector [31,66-68], emphasising the importance of ease of use in this field of study. However,
contrary findings were observed by Chau and Hu [69] and Gefen and Straub [70], who
found that PEOU was not a significant predictor of PU. Factors such as experience [71] or
intellectual capacity [69] can moderate the impact of PEOU on PU.

A substantial body of research in technology adoption contexts, across both agri-
cultural and non-agricultural domains, consistently highlights the significant positive
influence of PEOU on users’ attitudes towards adoption [31,37,52,63,67,72]. These findings
suggest that when users perceive a technology as easy to use, they are more likely to
develop favourable attitudes towards adopting it.

However, inconsistent findings in the literature indicate that certain factors may
moderate the relationship between PEOU and ATT [69,73]. For instance, Taylor and
Todd [73] found that PEOU is a stronger predictor of ATT for inexperienced users, whereas
for experienced users, the impact of ease of use diminishes. With growing familiarity, users
tend to place greater emphasis on PU relative to PEOU, as usability concerns become less
relevant with experience. Given these dynamics, and to examine these relationships in an
agricultural context, the following hypothesis is proposed:

H3. Perceived Ease of Use (PEOU) has a positive direct effect on (a) Farmers” Perceived Usefulness
(PU) and (b) Attitude toward Technology (ATT).

PU has consistently been identified as a key determinant of users” acceptance of
technology. Its influence on attitude towards technology (ATT) has been extensively
examined, with numerous empirical findings demonstrating that PU exerts a positive and
direct effect on users’ attitudes towards adopting technology [37,52,67,71,73-75].

Notably, several studies have emphasised that the effect of PU on ATT is stronger
than that of PEOU, suggesting that the perceived benefits and performance enhance-
ments offered by a technology often override usability concerns in shaping users’
attitudes [36,37,71,75,76]. Nevertheless, Kanchanatanee et al. [77] found no direct effect of
PU on Attitudes toward using E-Marketing, indicating that contextual or domain-specific
factors may moderate this relationship. Davis’s foundational work [26] emphasised the
central role of PU as a motivational driver influencing both ITU and actual system use.
Building on this, numerous empirical studies have consistently identified PU as a key
predictor of intention to use technology within the TAM framework [33,37,59,71,78].

In the agricultural domain, similar patterns have emerged. Studies indicate that
farmers’ perceptions of a technology’s usefulness play a crucial role in their intention to
adopt agricultural innovations [31,52,67,68,74]. This reinforces the importance of PU across
different sectors. However, this relationship is not universally consistent. For instance,
Hua and Wang [79] found that PU did not significantly affect purchasing intentions for
energy-efficient appliances, likely due to uncertain or unclear benefits, which may weaken
users’ motivation.

Similarly, Van et al. [80] identified PU as a crucial determinant of farmers’ intention
to use e-commerce exchanges (ECEs), but noted that limited knowledge and access to
information may inhibit this intention. This suggests that for PU to meaningfully drive
intention, users must clearly perceive the tangible benefits of technology. It also highlights
the importance of effectively communicating the advantages of adopting agricultural
technologies, while addressing potential costs, risks and effort. In light of this evidence, the
following hypothesis is proposed:

H4. Perceived Usefulness (PU) has a positive direct effect on (a) Farmer’s Attitude toward
Technology (ATT), and (b) Intention to Use (ITU) smart irrigation systems.
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One of the most consistently supported relationships in the technology adoption
literature is the positive influence of users’ attitudes towards technology (ATT) on their
behavioural intentions (ITU). Drawing on the Theory of Reasoned Action (TRA), Fishbein
and Ajzen [30] established that positive attitudes significantly influence behavioural in-
tentions. Similarly, Davis [26] emphasised in TAM that a favourable attitude towards a
technology leads to a greater intention to use it. This relationship has been empirically
supported across diverse contexts [31,37,81].

In agricultural settings, attitude similarly plays a pivotal role in shaping adoption
behaviour. For instance, Zeweld et al. [52] highlighted the impact of positive attitudes on
farmers’ intentions to embrace sustainable agricultural practices. Likewise, research by
Rezaei-Moghaddam and Salehi [67] and Tohidyan Far and Rezaei-Moghaddam [68] found
that attitude was a key determinant of Iranian agricultural specialists’ intentions to adopt
precision farming technologies. Similarly, Verma and Sinha [31] demonstrated that attitude
significantly predicted the intention to adopt mobile-based agricultural extension services.

Despite this well-established relationship, the TAM framework has faced some criti-
cisms. Specifically, Bagozzi [82] argued that positive attitudes alone may not always lead to
actual intention or behaviour, as they may lack the motivational force necessary to prompt
action. This critique underscores the importance of considering additional mediating or
moderating factors that may influence whether attitudes translate into intention. Consid-
ering the unique socio-economic and cultural factors in Albania that may shape farmers’
intentions, the following hypothesis is proposed:

H5. Attitude toward use (ATT) has a positive direct effect on Farmers’ intention to Use (ITU)
smart irrigation systems.

The social environment in which farmers operate represents a significant contextual
factor that shapes and informs their decisions regarding the adoption of new technologies.
Previous research indicates that attitude towards technology (ATT) functions as a mediating
variable between SI and ITU technology [83,84]. Multiple studies have shown that SI
positively affects users” attitudes towards technology adoption [85-87], sometimes exerting
a stronger influence than PEOU [88].

This relationship is also supported by findings within the agricultural field [31,52].
However, Rezaei and Ghofranfarid [89] found no significant relationship between social
norms (SI), attitude towards use (ATT) and ITU for renewable energy sources (RES),
either directly or when mediated through ATT. This divergence may arise because the
use of renewable energy sources is not recognised as a prevalent social norm among rural
individuals in Iran. Consequently, they do not experience social pressure from family,
friends or other villagers to adopt RES [89]. Building on the broader influence of social
dynamics, SI has been identified as a key driver in shaping individuals” behavioural
intention (ITU).

In agricultural settings, SI has been widely studied and has consistently demonstrated
its critical role in determining farmers’ intention to use technology [48,49,52,90-94]. In
contrast, Verma and Sinha [31] identified SI as an important factor influencing PEOU and
PU, but not ITU mobile-based agricultural extension services. Venkatesh et al. [34] further
highlighted that SI was most pronounced in mandatory settings, especially among older
women and during the early stages of technology adoption. Building on these findings, the
following hypothesis is proposed to examine the relationship between SI and ITU in the
Albanian cultural setting, where farming is primarily dominated by men:

Hé6. Social Influence (SI) has a positive direct effect on (a) Farmer’s attitude towards technology,
and (b) Intention to use (ITU) smart irrigation systems.
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The literature reviewed above supports the multidimensional theoretical framework
used in this study, which examines TTF, SE and Sl in relation to Albanian farmers’ intentions
to adopt smart irrigation systems. The proposed theoretical framework is presented in
Figure 1, which combines TAM with EIM and the social influence component of UTAUT.
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Figure 1. Conceptual framework. Source: Authors” own work. Note: EIM, extrinsic and intrinsic
motivations; TAM, technology acceptance model; UTAUT, unified theory of acceptance and use
of technology. H1 = TTF — PEOU; H2a = SE — PEOU; H2b = SE — ITU; H3a = PEOU — PU;
H3b = PEOU — ATT, H4a = PU — ATT; H4b = PU — ITU; H5 = ATT — ITU; Hé6a = SI — ATT;
Hé6b =SI — ITU.

3. Materials and Methods
3.1. Data

The empirical object of this study is farmers’ intention to adopt smart irrigation sys-
tems, rather than agricultural technology adoption in general. A structured questionnaire
was developed by adapting validated measurement items from prior studies and contex-
tualising them for smart irrigation systems, including sensor-based drip irrigation. The
questionnaire was prepared in the local language, Albanian, to ensure that respondents
could understand the items clearly. Before the main data collection, the questionnaire was
pilot tested with 12 farmers from the target population. Based on feedback from the pilot
participants, minor adjustments were made to simplify wording, improve the description of
smart irrigation systems, clarify technical terms and ensure that the items reflected farmers’
everyday irrigation and water-management practices. These pilot questionnaires were
removed from the final dataset. The questionnaires were administered face-to-face using
paper-based forms.

The study was conducted in two Albanian regions: Berat and Fier. These regions were
purposively selected as study sites because, together, they capture much of the structural
diversity that characterises Albanian smallholder agriculture, while also representing the
country’s most productive and water-stressed farming regions. Fier is one of Albania’s
largest and most agriculturally productive districts, where intensive vegetable, fruit, and
field-crop production depends heavily on irrigation due to seasonal water scarcity and,
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in many areas, non-operational or degraded irrigation infrastructure inherited from the
socialist period [95]. Berat, by contrast, is representative of Albania’s hillier, more frag-
mented smallholder terrain, characterised by mixed orcharding, viticulture and vegetable
production on small, fragmented plots [96].

Data collection was conducted between December 2024 and February 2025. The study
used a list-based purposive sampling approach. The sampling frame consisted of lists of
farmers provided by local authorities. Farmers were eligible to participate if they were
included in these local authority lists, were actively engaged in farming, were involved in
farm-level decision-making, and carried out agricultural activities for which irrigation and
water management were relevant. A total of 938 farmers were selected from these lists and
invited to complete the questionnaire. The invitation explained the purpose of the study,
the voluntary nature of participation, and the anonymity of responses. After excluding
incomplete or unusable questionnaires, the final sample included 368 farmers (response
rate = 39.2%). The profile of the final sample is presented in Table 1.

Table 1. Sample profile.

Region
Variable . Total
Berat Fier

Male household head 193 154 347

Female household head 6 15 21

Age of the household head 58 61 59
Number of days working on the farm 248 170 212
Number of respondents 199 169 368

Source: Authors” own work.

3.2. Variable Measurement

Several variables were measured to evaluate the research model proposed in the con-
ceptual framework. These variables are central to understanding the factors that influence
the adoption of smart irrigation systems, such as IoT soil moisture sensors, automated
drip irrigation controllers and water-management mobile applications, in Albania. The
scales used to measure these variables were adapted from established research [34,37,79],
supporting the reliability and validity of the measures. All items were measured on a
5-point Likert scale, ranging from strongly disagree to strongly agree.

Attitude towards technology was measured using four items assessing farmers’ overall
perceptions of adopting smart irrigation systems, including whether they considered
adoption to be a good idea, advisable and satisfactory. For example, the statement “All
things considered, using a smart irrigation system is a good idea” captures a general
positive evaluation of technology adoption. Perceived usefulness was measured using four
items evaluating the extent to which farmers believed that smart irrigation systems would
enhance their farm management performance, productivity and efficiency. Statements such
as “Using a smart irrigation system would improve my performance in managing water on
my farm” reflect the practical benefits that farmers expect from adopting new technologies.
Perceived ease of use was measured using three items, including “I would find the smart
irrigation control application easy to use”. Intention to use technology was measured using
three items capturing farmers’ willingness and likelihood to use smart irrigation systems in
their work. Items such as “I intend to regularly use a smart irrigation system on my farm”
indicate farmers’ commitment to integrating technology into their farming practices. These
variables were adapted from Kim et al. [37] and Turner et al. [78].

Four items were used to measure TTF. Items such as “A smart irrigation system fits
the way I manage water and crops in the field” evaluate farmers” perceptions of the fit
between farming tasks and smart irrigation systems. SE was measured using three items.
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Items such as “I feel comfortable operating the smart irrigation sensors and scheduling app
on my own” capture farmers’ confidence in their ability to carry out the actions required to
achieve specific outcomes. These variables were adapted from Kim et al. [37].

SI, adapted from Venkatesh et al. [34], refers to the mechanism through which an
individual’s attitudes, beliefs or behaviours are influenced by the presence or actions of
others. It was measured using three items, including “People who influence my behaviour
suggest using smart irrigation systems on the farm”.

3.3. Method and Its Assumptions

For the analysis of the proposed relationships, this study employed PLS-SEM [97]. The
choice of PLS-SEM was based on both methodological and analytical considerations. First,
the aim of the study is explanatory-predictive, as it seeks to assess the relative influence of
task-technology fit, self-efficacy, social influence and TAM-related constructs on farmers’
intention to adopt smart irrigation systems. Second, the study integrates constructs from
different theoretical perspectives, namely TAM, UTAUT, TTF and self-efficacy, making PLS-
SEM suitable for estimating a relatively complex model focused on prediction and variance
explanation. Third, distributional diagnostics indicated that the construct scores departed
from normality [98]. As shown in Table 2, all Cramér-von Mises tests were statistically
significant at p < 0.001, while the skewness and excess kurtosis values also indicated
deviations from a normal distribution. These results provide further support for the use
of PLS-SEM rather than covariance-based SEM. The latent variables in this study were
derived from reflective indicators. The PLS-SEM analysis was conducted using SmartPLS
4.0 software [99] and included a bootstrap procedure with 5000 resampling iterations.

Common method bias was assessed using Harman’s single-factor test approach [100].
Harman’s single-factor test was conducted by loading all measurement items into a single
unrotated factor. The first factor explained 28.7% of the total variance, which is below the
50% threshold, suggesting that common method bias is unlikely to substantially affect
the results.

Tables 2 and 3 summarise the key checks conducted to assess the suitability of the
chosen analytical approach. Table 2 presents the measurement model and normality
assessment for the study’s constructs.

The outer loadings for all indicator variables exceed the generally accepted threshold
of 0.70, indicating that the indicators effectively reflect their respective latent constructs [98].
The VIF values for all indicators are below 5.0, suggesting that multicollinearity is not
a significant concern within the measurement model. This indicates that the indicator
variables are sufficiently distinct and do not exhibit problematic levels of overlap. All
constructs have CA and CR values above the recommended threshold of 0.70. These results
confirm the reliability and internal consistency of the measures used for each construct.
Moreover, all constructs have AVE values exceeding the minimum acceptable level of
0.50 [98], indicating that more than 50% of the variance in the indicators is explained by their
respective constructs. This supports the convergent validity of the measurement model.

Table 3 presents the heterotrait-monotrait (HTMT) ratio matrix, which was used to
assess discriminant validity among the constructs in the model. Discriminant validity
is established when HTMT values fall below the recommended threshold, typically 0.85,
indicating that the constructs are empirically distinct from one another [98]. As shown in
Table 3, all HTMT values are below the 0.85 threshold. The highest HTMT value is between
PU and ATT at 0.848, suggesting a strong relationship between these two constructs but
still remaining within the acceptable limit for establishing discriminant validity. The HTMT
ratio between TTF and PU is 0.832, while the ratio between TTF and ATT is also 0.832,
indicating that these constructs are related but distinct. Similarly, the HTMT value between
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PEOU and ITU is 0.712, and the value between SE and PEOU is 0.755, further supporting
discriminant validity. The remaining HTMT values are also below the 0.85 threshold,
providing evidence that each construct in the model captures a distinct phenomenon.

Table 2. Measurement model and normality assessment of construct scores.

Outer

Excess

Item . VIF CA CR AVE . Skewness CVMS
Loadings Kurtosis
ATT 0.922 0.923 0.811 2.468 —1.205 5.144
attl 0.901 3.517
att2 0.922 4.078
att3 0.932 4.210
att4 0.845 2.203
ITU 0.926 0.926 0.871 1.536 —0.948 4.165
itul 0.926 3.272
itu2 0.943 4.064
itu3 0.930 3.574
PEOU 0.894 0.895 0.826 0.084 —0.509 2.016
peoul 0.903 2.976
peou3 0.936 3.648
peoud 0.886 2.273
PU 0.945 0.945 0.859 1.639 —0.995 4.801
pul 0.923 3.957
pu2 0.937 4.708
pu3 0.930 4.260
pu4 0.916 3.620
SE 0.888 0.894 0.816 0.779 —0.601 3.270
sel 0.907 2.673
se2 0.927 3.053
se3 0.875 2.266
SI 0.917 0.918 0.858 1.706 —1.093 5.277
sil 0.916 3.028
si2 0.940 3.891
si3 0.923 3.188
TTF 0.935 0.939 0.838 1.287 —0.989 3.773
ttfl 0.916 3.574
ttf2 0.906 3.345
ttf3 0.941 4.706
ttf4 0.898 3.253

Source: Authors” own work. Note: VIFE, variance inflation factor; CA, Cronbach’s alpha; CR, composite reliability;
AVE, Average Variance Extracted; CVMS, Cramér-von Mises Statistic; ATT, attitude towards technology; ITU,
intention to use; PEOU, perceived ease of use; PU, perceived usefulness; SE, self-efficacy; SI, social influence; TTF,
task-technology fit. All Cramér-von Mises statistics are statistically significant, p < 0.001.

Table 3. Discriminant validity using Heterotrait-monotrait ratio (HTMT) matrix.

ATT ITU PEOU PU SE SI
ITU 0.720
PEOU 0.641 0.712
PU 0.848 0.729 0.647
SE 0.786 0.643 0.755 0.765
SI 0.620 0.736 0.577 0.587 0.474
TTF 0.832 0.679 0.630 0.832 0.811 0.575

Source: Authors” own work. Note: ATT, attitude towards technology; ITU, intention to use; PEOU, perceived ease
of use; PU, perceived usefulness; SE, self-efficacy; SI, social influence; TTF, task-technology fit.
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Hypotheses were evaluated using both statistical and practical significance. Statistical
significance was assessed using bootstrapped t-statistics, with paths considered statistically
significant when the coefficient was in the expected direction, and the t-value exceeded
the conventional threshold for p < 0.05. Practical significance was assessed using Cohen’s
f? effect size, where values of approximately 0.02, 0.15 and 0.35 indicate small, medium
and large effects, respectively. Effects below 0.02 were interpreted as negligible. Therefore,
statistically significant paths with f? values below 0.02 were treated as statistically supported
but of limited practical significance, rather than as substantively strong effects.

4. Results

Once the assumption checks had been completed, hypothesis testing was conducted.
The evaluation of the structural model, presented in Table 4, provides insights into the
relationships among the constructs in the research model. The tested hypotheses are
grouped according to their respective theoretical perspectives. Each path coefficient (j)
represents the strength and direction of the relationship between the predictor and outcome
variables, while the associated t-statistics indicate statistical significance. The effect size
(f?) indicates the substantive contribution of each predictor to the dependent variable,
and VIF values are used to assess potential multicollinearity among predictors. The
practical significance column provides a qualitative interpretation of each effect based on
its effect size.

Table 4. Hypotheses testing.

Group of Path Path T Statistics VIF Effect Practical
Hypothesis Coefficient (B) (t) Size (f?) Significance
EIM H1 TTF — PEOU 0.175 4.124 2.212 0.026 Small
H2a SE — PEOU 0.545 13.76 2212 0.253 Medium
H2b SE — ITU 0.150 4.896 2.191 0.027 Small
TAM H3a PEOU — PU 0.596 24.03 1.000 0.550 Large
H3b PEOU — ATT 0.089 2.942 1.698 0.017 Negligible
H4a PU — ATT 0.713 22.14 1.755 1.053 Large
H4b PU — ITU 0.268 5.366 3.726 0.050 Small
H5 ATT — ITU 0.099 1.690 3.959 0.006 Negligible
UTAUT Hé6a SI — ATT 0.134 4.397 1.562 0.042 Small
Hé6b SI — ITU 0.411 9.099 1.516 0.290 Medium

Source: Authors” own work. Note: EIM, extrinsic and intrinsic motivations; TAM, technology acceptance model;
UTAUT, unified theory of acceptance and use of technology; ATT, attitude towards technology; ITU, intention
to use; PEOU, perceived ease of use; PU, perceived usefulness; SE, self-efficacy; SI, social influence; TTF, task-
technology fit.

The results show that the variables grouped under EIM have positive and statistically
significant effects. Specifically, H1, which examines the effect of TTF on PEOU, is supported,
showing a positive effect with a small effect size (8 = 0.175, t = 4.124, f> = 0.026). This
indicates that when a technology fits the task, users are more likely to perceive it as easy to
use. H2a is also supported, as SE has a positive effect on PEOU with a medium effect size
(B =0.545, t = 13.76, f2 = 0.253), underscoring the importance of users’ confidence in using
the technology. Similarly, H2b shows a small but statistically significant positive effect of
SE on ITU (B = 0.150, t = 4.896, f> = 0.027), indicating that higher self-efficacy modestly
increases farmers’ intention to use smart irrigation systems.

Turning to the hypotheses grouped under TAM, H3a, which examines the effect of
PEOU on PU, is supported. The path shows a strong positive relationship with a large effect
size (B = 0.596, t = 24.03, f> = 0.550), confirming that ease of use substantially enhances
perceived usefulness. H3b, which examines the effect of PEOU on ATT, shows a positive
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and statistically significant effect (8 = 0.089, t = 2.942). However, the effect size is below
the threshold for a small effect (f2 = 0.017), indicating negligible practical significance.
Therefore, H3b is statistically supported, but the substantive influence of perceived ease
of use on attitude is very limited. Consistent with expectations, H4a, which examines
the effect of PU on ATT, is supported (B = 0.713, t = 22.14, f2 = 1.053), showing a large
effect of perceived usefulness on the formation of positive attitudes. The data also support
H4b, which examines the effect of PU on ITU, as the path shows a small but statistically
significant effect (8 = 0.268, t = 5.366, f2 = 0.050). By contrast, H5, which examines the
effect of ATT on ITU, is not statistically significant and has a negligible effect size (8 = 0.099,
t =1.690, f2 = 0.006). Therefore, H5 is not supported.

Regarding the two hypotheses grouped under UTAUT, the results support both hy-
potheses. Hé6a, which examines the effect of SI on ATT, shows a small positive effect
(B=0.134, t = 4.397, f2 = 0.042). H6b, which examines the effect of SI on ITU, shows a
medium effect (8 = 0.411, t = 9.099, f? = 0.290). These findings suggest that SI plays an
important role in shaping both farmers’ attitudes towards smart irrigation systems and
their intentions to use them.

Table 5 reports the explained variance in the dependent variables of the research
model. The R? values range from 0.355 for PU to 0.725 for ATT. The model explains 61.5%
of the variance in ITU, indicating substantial explanatory power. In addition, the model
fit statistics, including the Normed Fit Index (NFI = 0.905) and Standardised Root Mean
Square Residual (SRMR = 0.037), indicate an acceptable-to-good model fit.

Table 5. R-squares and model fit.

Construct R-Square R-Square Adjusted
ATT 0.725 0.724
ITU 0.615 0.614
PEOU 0.469 0.468
PU 0.355 0.354

Note: Normed Fit Index = 0.905, Standardised Root Mean Square Residual = 0.037. Source: Authors” own work.

To complement the assessment of explanatory power, the model’s predictive relevance
was examined using PLSpredict. The results are presented in Table 6. All Q®_predict values
were above zero, ranging from 0.362 to 0.490, indicating that the model has predictive
relevance for all endogenous construct indicators. The comparison of PLS-SEM RMSE
values with the linear model benchmark further shows that the PLS-SEM model produced
lower prediction errors for 9 of the 14 indicators. Specifically, the model outperformed the
linear benchmark for most indicators of ATT, ITU and PEOU, while the results for PU were
more mixed. These findings suggest that the model has moderate out-of-sample predictive
power. Therefore, the model demonstrates not only substantial explanatory power, as
reflected in the R? values, but also acceptable predictive relevance. However, its predictive
performance should not be interpreted as uniformly high across all indicators.

Table 6. Predictive relevance assessment using PLSpredict.

PLS-SEM LM

. 2 .

Indicator  Q?*_predict RMSE () RMSE (b) (@) <(b) Assessment
attl 0.387 0.600 0.688 Yes Moderate
att2 0.415 0.561 0.645 Yes redictive
att3 0.423 0.557 0.652 Yes power

attd 0.408 0.639 0.534 No p
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Table 6. Cont.
PLS-SEM LM
. 2 .
Indicator  Q“_predict RMSE (a) RMSE (b) (@) < (b) Assessment
itul 0.489 0.632 0.655 Yes Moderate
itu2 0.490 0.635 0.608 No predictive
itu3 0.452 0.641 0.662 Yes power
peoul 0.377 0.784 0.803 Yes Moderate
peoud 0.408 0.743 0.772 Yes predictive
peoud 0.368 0.761 0.693 No power
pul 0.392 0.580 0.690 Yes Mixed/
pu2 0.399 0.582 0.709 Yes limited-to-moderate
pu3 0.394 0.698 0.568 No predictive
pué 0.362 0.706 0.610 No power

Source: Authors” own work. Note: ATT, attitude towards technology; ITU, intention to use; PEOU, perceived ease
of use; PU, perceived usefulness; Qz_predict, predictive relevance value; RMSE, root mean square error; LM,
linear model.

5. Discussion, Limitations, and Future Research
5.1. Discussion

The empirical results show that both TTF and SE play significant roles in shaping
farmers’ intentions to adopt smart irrigation systems. The positive effect of TTF on PEOU
aligns with previous research on smart irrigation and agricultural technology adoption,
confirming that technologies perceived as compatible with farming tasks are more likely
to be considered user-friendly [43,101]. This finding highlights the importance of de-
signing agricultural technologies that respond directly to farmers” operational needs and
workflow patterns.

SE had a strong influence on PEOU, with a medium effect size. This relationship
indicates that farmers’ confidence in their technological capabilities shapes how accessible
they perceive smart irrigation systems to be [50,51]. SE also had a direct effect on ITU,
although with a smaller effect size, suggesting that farmers’ technological self-confidence
serves as both a direct and indirect determinant of adoption intentions. Similar findings
have been reported in studies of farmers’ intention to adopt digital payment systems [56]
and in Agriculture 5.0 adoption [50], where SE significantly influenced ease of use and
intention to adopt agricultural technologies among farmers in developing regions.

The study validates several core TAM relationships in the context of smart irrigation
adoption. The strong positive relationship between PEOU and PU confirms that user-
friendly agricultural technologies are more likely to be perceived as beneficial for farming
operations. This finding reinforces the central TAM proposition that ease of use contributes
significantly to perceived utility [31,66,102].

PU had a much stronger role than PEOU in shaping farmers’ responses to smart
irrigation systems. PU had a large effect on ATT and a significant direct effect on ITU,
whereas PEOU had only a negligible practical effect on ATT, a pattern also reported in
recent studies [103,104]. This asymmetry can be interpreted through the utilitarian and
resource-sensitive nature of smart irrigation adoption. For farmers in this research context,
smart irrigation systems are not discretionary digital tools; they are technologies expected to
address practical farming problems such as water management, labour efficiency and yield
stability. Under such conditions, farmers are likely to prioritise whether the technology can
deliver clear functional benefits rather than whether it is simply easy to operate [50].

This finding is particularly relevant in smallholder farming contexts, where investment
decisions are closely linked to productivity, resource constraints and risk exposure [102].
If farmers perceive smart irrigation systems as capable of improving water efficiency and
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supporting farm performance, they may tolerate a degree of operational complexity. In
contrast, ease of use alone may not be sufficient to generate favourable attitudes unless
the technology is also seen as economically and practically useful. This helps explain why
PEOU strongly contributes to PU but has only a limited direct effect on ATT. Ease of use
matters because it helps farmers recognise the usefulness of the system, but perceived
usefulness appears to be the more decisive evaluative criterion. Therefore, in this context,
extension services and technology providers should not promote smart irrigation systems
mainly as easy-to-use tools; they should demonstrate concrete benefits in terms of water
saving, productivity, labour reduction and farm-level decision-making.

SI emerged as the strongest direct predictor of farmers’ intention to use smart irrigation
systems. This finding can be interpreted through three complementary mechanisms. First,
smart irrigation systems involve a degree of outcome uncertainty because their water-
saving, labour-saving and yield-related benefits may not be fully verified before use.
Under such uncertainty, farmers may rely on observation, peer communication and the
experiences of early adopters rather than on individual experimentation alone. This is
consistent with social learning arguments in agricultural adoption research, where farmers
use the experiences of others to reduce uncertainty around new technologies [14,105].

Second, Albania’s limited and unevenly distributed extension infrastructure [96]
means that informal peer networks may substitute, at least partly, for the technical informa-
tion that formal extension services would otherwise provide. This increases the importance
of community validation in shaping farmers’ evaluations of smart irrigation systems.

Third, four decades of cooperative farming institutionalised group-based decision
norms that may persist in modified form through the transition to smallholding. This
is consistent with Hofstede’s argument that collectivist cultures can generate stronger
subjective-norm effects on intention relative to individually formed attitudes [106,107].
Together, these mechanisms suggest that adoption intentions are shaped not only by
individual cognitive evaluation, but also by social validation and peer-based learning.

The non-significant ATT — ITU path suggests an attitude-intention gap in the adop-
tion of smart irrigation systems among Albanian farmers. Although farmers may view
smart irrigation positively, favourable attitudes may not be sufficient to generate concrete
adoption intentions when farmers face uncertainty about financing, technical support,
input availability and implementation feasibility. In post-communist transition contexts,
where agricultural support systems, credit access and advisory infrastructure may be un-
even, farmers may struggle to translate general approval of a technology into a realistic
intention to adopt it [108]. This means that attitude is not necessarily irrelevant; rather, its
effect may be constrained by structural and practical barriers that lie outside the attitude
construct itself [105].

Albanian farmers may find smart irrigation systems conceptually attractive but still
hesitate to form adoption intentions if they are unsure whether they can finance, install,
maintain or effectively use the technology on their own farms. This helps explain why
SI and PU exert stronger direct effects on intention: they provide farmers with practical
validation and clearer evidence that the technology is feasible and worthwhile. The finding
therefore suggests that, in transition-economy agricultural contexts, technology adoption
models should be extended beyond individual cognitive evaluation to include structural
enabling conditions and perceived implementation feasibility [50,80].

5.2. Limitations and Future Research Directions

While this study provides useful insights, several limitations should be acknowledged.
Because the study focuses specifically on smart irrigation systems, the findings should not
be automatically generalised to all forms of agricultural technology. Other technologies,
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such as drones, farm management software, digital marketplaces and precision machinery,
may involve different cost structures, skill requirements, risk perceptions and adoption
mechanisms. Future research could compare different categories of agricultural technol-
ogy to examine whether the relationships identified in this study remain stable across
technology types.

The cross-sectional design cannot capture the dynamic nature of technology adoption
processes over time. Future research could employ longitudinal approaches to examine
how relationships between variables evolve throughout the adoption journey. In addition,
the study focuses on behavioural intentions rather than actual adoption behaviour [109].
Future research should investigate the intention-behaviour gap in agricultural technology
adoption and identify the factors that facilitate or hinder the translation of intentions
into action.

Finally, while the integrated model is comprehensive, it may still omit important
contextual factors specific to agricultural settings, such as risk perceptions, environmental
concerns and resource constraints. Future research could expand the model to include these
contextual variables and examine their moderating effects on the relationships identified in
this study.

6. Conclusions

This study makes several theoretical contributions. First, it demonstrates the value of
integrating multiple theoretical perspectives, namely EIM, TAM and UTAUT, to understand
farmers’ intentions to adopt smart irrigation systems as a specific form of digital agricultural
technology. The significant effects of TTF and SE underscore the importance of including
capability-related constructs alongside traditional TAM variables. The divergence from
classic TAM relationships, particularly the non-significant path from attitude to intention,
suggests that technology adoption models may require contextual adaptation when applied
to smallholder and transition-economy farming settings.

Second, the strong influence of social factors supports a social embeddedness per-
spective on smart irrigation adoption. Unlike many consumer technologies, agricultural
technologies are adopted within local farming communities where peer observation, trusted
advice and community norms can strongly shape individual decision-making. This finding
suggests that models of agricultural technology adoption should treat social dynamics as
central rather than peripheral, especially in rural contexts where formal advisory systems
and institutional support may be uneven.

Finally, the results point to a potential reconceptualisation of the attitude—intention
relationship in utilitarian agricultural contexts. A favourable attitude towards smart irri-
gation may not be sufficient to generate adoption intention when farmers face practical
constraints such as cost, technical uncertainty, limited support or doubts about implemen-
tation. This suggests that future adoption models should include contextual and enabling
conditions that account for the practical realities of farming operations.

The practical implications of this study should be interpreted in light of the finding
that social influence was the strongest direct determinant of farmers’ intentions to adopt
smart irrigation systems. This suggests that adoption in rural Albania is not only an indi-
vidual decision based on perceived usefulness or ease of use, but also a socially mediated
process shaped by trusted peers, local networks and community validation. Agricultural
authorities, municipalities and development organisations could therefore establish digi-
tal farmer champions: early-adopting or technically confident farmers who demonstrate
smart irrigation systems under local farming conditions. These champions could host
demonstration plots, share practical experiences, explain costs and benefits, and provide
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reassurance to neighbouring farmers. Small incentives, such as discounted equipment,
technical support or priority access to subsidy schemes, could help sustain their role.

Extension services should also be strengthened through peer-to-peer learning net-
works. Farmer field schools, mentoring pairs, rotating farm visits and adopter-non-adopter
discussion groups would allow farmers to learn from trusted peers rather than relying only
on expert-led instruction. Extension agents could act as facilitators of farmer-to-farmer
exchange, helping to structure and verify the knowledge shared within these networks.
Policymakers could further develop farmer influencer networks by identifying respected
farmers, irrigation group representatives, producer association members, local agribusiness
actors or cooperative leaders where such structures exist. Engaging these actors in the
promotion of smart irrigation would be more targeted than broad awareness campaigns
because it would use existing social trust to reduce uncertainty around adoption.

Finally, community-based social learning platforms, local demonstration days and
short farmer-led videos could help circulate credible evidence of water savings, labour
reduction and productivity benefits. Overall, these recommendations imply a shift in policy
logic: smart irrigation adoption in rural Albania should be supported through locally
trusted social networks, with extension and subsidy programmes designed to structure
and incentivise peer learning rather than bypass it.
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The following abbreviations are used in this manuscript:

ATT Attitude Towards Technology
AVE Average Variance Extracted

CA Cronbach’s Alpha

CR Composite Reliability

CVMS Cramér-von Mises Statistic

EIM Extrinsic and Intrinsic Motivations
ITU Intention To Use

PEOU Perceived Ease of Use
PLS-SEM  Partial Least Squares Structural Equation Modeling
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PU Perceived Usefulness

SE Self-Efficacy

SI Social Influence

TAM Technology Acceptance Model

TTF Task-Technology Fit

UTAUT  Unified Theory of Acceptance and Use of Technology
VIF Variance Inflation Factor
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