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Abstract 

Precision agriculture is expected to support and strengthen the sustainability of food 
production. In spite of the demonstrated benefits of the application of Information 
Technology to improve agricultural practices, such as yield increase and input reduc-
tion, in Italy its adoption still lags behind. In order to understand limits of and per-
spectives on the adoption of such technologies, we conducted an explorative study. 
A survey with a choice experiment was carried out in Italy among 471 farmers and 
people interested in agricultural machinery and technologies. The results highlight 
how specific factors, such as excessive costs and lack of incentive policies, may limit the 
spread of precision agriculture. Conversely, the provision of adequate technical support 
would likely favor its adoption. Furthermore, latent class modeling was used to identify 
three segments of potential buyers: sustainability seekers; precision agriculture best 
features supporters; low emissions fans. Potential policy and market implications of this 
explorative study are discussed in the conclusion.
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Introduction
Precision agriculture (PA) is likely to play a relevant role in the transition toward sus-
tainable agriculture (Balafoutis et al. 2017; Lee et al. 2021). PA utilizes Information Tech-
nology (IT), satellite technology, Geographical Information System (GIS) and remote 
sensing to improve agricultural functions and impacts (Belcore et al. 2021). It relies upon 
mobile apps, smart sensors, drones, cloud computing, artificial intelligence, Internet of 
Things (IoT) and blockchain to manage both environmental and socio-economic effects 
related to agricultural activities (Torky and Hassanein 2020; Zhao et al. 2021).

Besides providing material support to production processes, PA aims at enhanc-
ing agricultural efficiency (Romanelli et  al. 2022; Schimmelpfennig 2016) and reduc-
ing its environmental impacts (Cisternas et  al. 2020; Loures et  al., 2020; Medici et  al. 
2019, 2021; Pierpaoli et al. 2013). In the past years, with the increase in cultivated areas 
and the advent of agricultural mechanization, heavy and widespread use of fertilizers 
has taken over together with conventional agriculture, ignoring the optimization of 
their application over time and space. By minimizing required inputs (water resources, 
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fertilizers, plant protection products, etc.), improving quality of production and increas-
ing yield quantity, PA helps enhancing agricultural socio-economic sustainability (Knoll 
et al. 2018; Patrício and Rieder 2018). Furthermore, it contributes to reduce the negative 
environmental impacts of agriculture by using fewer and more controlled resources to 
achieve the same or even better results (Mogili and Deepak 2018).

PA technologies are able to provide accurate diagnosis and management support to 
agricultural entrepreneurs, both in terms of yield productivity and profitability, includ-
ing the controlled use of inputs with social, economic, and environmental—primarily 
climatic, benefits (Blasch et al. 2022). PA has been pioneered as a management tool in 
the grains industry (Whelan and Taylor 2013).

Moreover, in the past years, according to Colussi et al (2022), because of the COVID-
19 pandemic, the increasing digitalization of the agricultural sector has become even 
more indispensable.

Nevertheless, in spite of the advantages that these technologies are expected to gen-
erate, PA adoption is still slow and lagging (Bucci et al. 2018; Finco et al. 2021). In par-
ticular, according to Lowenberg-DeBoer and Erickson (2019), medium and small farms 
in the developing world fall behind, as access to agricultural mechanization is less 
widespread.

Extensive understanding of the factors affecting adoption of this equipment is needed 
to adequately inform and support the development of PA technology and the programs 
diffused to promote its adoption. A number of studies tried to analyze this aspect (Pal-
lottino et al. 2018) and several models were proposed to explain PA technology adoption 
(Carli et al. 2017). Aubert et al. (2012) tested a model to explain limits and barriers to PA 
technology adoption: the results highlight the importance of compatibility among PA 
technology components as well as the crucial role of farmers’ expertise. Furthermore, 
according to Pierpaoli et al. (2013), PA adoption is mostly influenced by availability of 
financial resources, farmers’ socio-demographic characteristics (as for example educa-
tion and computer literacy) and competitive and contingent factors (e.g., farm size, soil 
and landscape characteristics, geographical location). A broader approach characterizes 
the conceptual model proposed by Monteleone et al. (2019), who analyze the role of dif-
ferent actors operating in the farm and technology ecosystem, and respective actions 
and strategies that can be implemented to widen PA adoption. More recently, Vecchio 
et al. (2020) underlined the fundamental role of context-related factors to be explored in 
order to specify uptake of PA technologies. Both Liu et al. (2021) and Pathak et al. (2019) 
published the literature reviews they undertook with the aim to explore the processes of 
adoption of PA technologies. They found that very few studies examined multiple com-
ponents of the complex adoption process. Researches were mainly focused on assessing 
the impact of a single determinant while neglecting the complexity and the multidimen-
sional nature of the adoption process, which was consequently poorly represented (Giua 
et al. 2022). Recently, for example, Kleftodimos et al. (2022) studied the tools that can be 
used to convince farmers to adopt PA practices. More specifically, they analyzed Greek 
farmers’ PA adoption decisions in dairy production systems using a bio-economic model 
based on mathematical programming methods. Their results highlighted that the adop-
tion of PA practices led to significantly better economic and environmental outcomes, 
and different levels of incentives can be efficiently targeted to encourage the adoption. 
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Giua et al. (2022) used Structural Equation Modeling (SEM) and a Zero-Inflated Pois-
son Regression (ZIP) to investigate the intention to use and the actual adoption of PA, 
stating that farmers’ intention mainly relies on performance expectancy and complexity 
of technologies, as well as farmers’ social and peer pressure. Tey and Brindal’s (2021) 
meta-analysis found that perceived profitability, consultants and computer literacy have 
a moderate effect in driving the adoption of PA. Applying pairwise best–worst choice 
experiments, Thompson et al. (2019), used data from a phone survey on U.S. commercial 
crop producers to identify farmers’ perceptions over the benefits provided by PA tech-
nologies, which are considered as the main reasons behind adoption decisions.

To our best knowledge, only few studies have adopted the choice experiment method-
ology to analyze farmers’ preferences toward PA comparing both socio-economic and 
environmental aspects (e.g., Blasch et al. 2022). To fulfill this gap and provide insights 
on the determinants and barriers to the adoption of these technologies in Italy, a survey 
was carried out to better understand purchase choice. More precisely, given the lack of a 
clear distinction in the literature between the “adoption” of innovations as a multidimen-
sional and multiphase process (i.e., “awareness”, “interest”, “evaluation”, “trial”, “adoption” 
according to the Diffusion Theory) (Rogers 1962, 1995), and the concept of adoption as 
a purchase choice, our study focuses on this second aspect, identifying both preferences 
and willingness to pay (WTP) of end users. Rather than exploring the factors which 
influence the whole adoption process, our exploratory study tried to describe socio-eco-
nomic characteristics, habits and behavior of potential adopters. To reach this objective, 
a survey and a choice experiment (CE) were administered to Italian farmers and people 
interested in agricultural machinery and technologies, both to identify the effect of each 
considered characteristic on respondents’ choice and to highlight the presence of het-
erogeneity among respondents’ preferences.

The paper is organized as follows: Introduction provides a short overview of the theo-
retical background; Sect. "Materials and methods" describes the materials and methods 
used; Sect. "Results and discussion" presents the results and discussion; finally, conclud-
ing remarks are discussed in the conclusion.

Materials and methods
To achieve the aforementioned aim, a survey was carried out through both face-to-face 
interviews to attendees at the International Exhibition of Agricultural and Gardening 
Machinery (EIMA International) in Bologna (IT) in 2018 and on-line questionnaires 
spread through specific agri-sector webpages. The web survey was launched on Novem-
ber 20th, 2018 and closed on April 6th, 2019. Participants were recruited via advertise-
ments on two platforms (Google and Facebook). The face-to-face survey was also fielded 
from November 6th to November 11th, 2018 and it was preceded by a three-hours train-
ing session attended by an internal research interviewer. As is usual in this kind of sur-
veys, interviewees were recruited among EIMA International participants. A random 
sampling approach was adopted according to Rossi et al. (2013).

In this paper, the questionnaire intended to analyze farmers and other agricultural 
industry operators’ knowledge of PA and preferences toward its adoption. Of the two 
sections of the questionnaire, the first one investigated knowledge over, and effective 
use of PA in the Italian agricultural industry, while the second one included a CE to 
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collect and then understand potential customers’ preferences toward characteris-
tics of a hypothetical PA technology investment. The CE is a well-known social sci-
ence approach, widely adopted in existing studies to observe respondents’ selection 
within a setting context to determine their utility and then analyze WTP (Batsell and 
Louviere 1991; Hensher 1994; Louviere 1991; Louviere et al 2000). In a CE, partici-
pants are presented with hypothetical but realistic choice situations. CE application 
derives from a solid theoretical background since it is based on both Lancastrian con-
sumer theory (Lancaster, 1966) and random utility models (Block 1974; McFadden 
1976), which are combined with some distinguishing features. According to Lancaster 
(1966), CE assumes that utility is derived from properties (i.e., characteristics) of a 
good rather than directly from it. Consequently, utility becomes a function of good 
characteristics and random utility models are applied to take into account the unob-
servable or random part of utility. In CE, the valued good is split into its key attrib-
utes, firstly allowing the trade-offs to be estimated between them. Secondly, CE can be 
applied to both ex-ante and ex-post valuations where good characteristics not yet in 
existence can be presented to respondents using a number of hypothetical scenarios.

For this reason, under the rationality assumption, a PA technology is chosen if the 
utility derived from it is greater than that derived from another good present as an 
alternative in the available choice set.

Two focus groups were conducted at the end of summer (late August) 2018 in a sin-
gle round with a number of farmers and other stakeholders in order to identify the PA 
technologies to be analyzed, their level of adoption, their attributes and discuss ques-
tions in the questionnaire. Based on the focus group discussions, five attributes were 
identified, which were considered to be important for purchase decision, to compare 
alternative PA technologies (Table 1).

As detailed above, in a CE the attributes of a good/service are its characteristics, 
while their levels refer to the possible different configurations of each attribute. To 
make the attributes and their levels more understandable to the respondents, a hypo-
thetical “PA equipment” was described to respondents as a tractor equipped with 
both automated guidance and autosteer, and data technologies such as yield moni-
tor, precision soil sampling, and variable rate fertilizer application (Griffin et al 2018). 
According to a number of studies (Erickson et  al. 2018; Fausti et  al. 2018; Kitchen 
et  al. 2002; Mitchell et  al. 2018), this kind of PA equipment was widely analyzed 
among scholars to discuss specific barriers to adoption of this technology and better 
understand how to improve the agricultural workforce skills in using it.

Table 1 Attributes and their corresponding levels

Attribute Levels

Yield increase Significant; moderate; low

Fuelling Electric; hybrid

Brand Industry leader; small firm

Greenhouse gas emissions High; moderate; low

Price (€/PA equipment) 17,000: 30,000; 50,000
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The first attribute we considered was the potential increase in yields, which seems to 
be a preferred characteristic of farmers across all country (Blasch et al. 2022; Pedersen 
and Lind 2017; Silva et al. 2011). The yield increase attribute presented three levels of 
study: significant, moderate and low.

The second attribute offered respondents the opportunity to choose between electric 
and hybrid equipment. Gonzalez-de-Soto et al. (20162018) and Li et al. (2020) demon-
strated the importance of hybrid energy systems in PA to obtain significant reductions 
in the emissions of atmospheric pollutants when discussing about and predicting PA 
adoption.

With regard to reputation and size of the precision technology provider, the third 
attribute, we proposed two alternative levels, namely: industry leader or small firm 
brand. This attribute gave respondents the opportunity to compare goods supplied 
by leading providers of precision agriculture and small firms’ provision. According to 
Mitchell et al. (2012), marketing activities of owner managers within small and medium 
enterprises (SMEs) are different, in that SME firms are not just small versions of their 
larger counterparts. In addition, small firms are more likely to have lower brand recog-
nition and be a riskier purchase proposition for the buyer (Vaidyanathan and Aggarwal 
2002).

Consumers’ increasing awareness and concern over negative impacts of agri-food 
activities has led to a need for differentiation in production methods. Consequently, we 
considered three different levels of greenhouse gas emissions: high, moderate, low.

The price attribute presented the levels € 17,000, € 30,000 and € 50,000, which were 
established according to EIMA decision makers estimates emerged in focus groups’ dis-
cussion. Each price level corresponded to a complete PA setup.

To efficiently elicit respondent preferences for the attributes, a fractional factorial 
orthogonal design was used to vary all attributes among the scenarios. Interviewers had 
to face six choice sets with three treatment combinations each, plus the opt-out alterna-
tive (“None of these”), which was present for those respondents who were not interested, 
to ensure that this survey was as realistic and practical as an investment opportunity in 
the real world.

The choice sets were shown in color pictures to the respondents. In detail, the respond-
ents were asked to choose among three alternative PA systems. An example choice set 
is represented in Fig.  1. Furthermore, to let respondents better understand the pre-
sented PA equipment and improve the accuracy of their answers, the concept of PA was 
described with color pictures and wording at the beginning of CE. To avoid misunder-
standing attributes and their levels were briefly explained to respondents (Johnston et al. 
2017). However, since in the time of focus groups discussion links between PA adoption, 
yield increases and environmental improvements, including greenhouse gas emissions 
were not quantified (Schimmelpfennig 2018), interviewees were told that a “significant” 
yield increase corresponded to “more than 5%”, a “moderate” from 2 to 5% and “low” 
less than 2%. All these values were adopted on the basis of focus groups discussion and 
a literature review. Similarly, considering also that PA technologies vary widely in their 
contributions to effecting reductions in greenhouse gas emissions (Soto Embodas et al. 
2019) and according to previous studies (e.g., Perez Dominguezet al. 2016), respondents 
were told that “high” greenhouse gas emission corresponded to PA technology able to 
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reduce less than 30% of conventional technologies emissions, “moderate” from 30 to 50% 
emissions reduction, and “low” more than 50%.

About 30 pre-tests of the questionnaire were made before its actual administration. 
These pre-tests resulted in minor revisions in the formulation of questions.

Figure 2 points out the main stages we developed in conducting the CE according to 
our research objectives (Hanley et al. 1998).

Results and discussion
Data collection took place between November 2018 and April 2019 among different age 
categories, and 471 total responses were obtained. In detail, 205 questionnaires (43.52%) 
were collected in person and 56.48% (266 respondents) on-line. Clearly, face-to-face 

Fig. 1 A choice set

Identification of attributes and levels
based on focus groups discussion

Selection of experimental design 
and construction of choice sets

Development, pretesting and 
survey administration 

Data input 

Statistical analysis and 
interpretation 

Fig. 2 Key research stages of the choice experiment
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questionnaires collected at EIMA may be biased, as participants would presumably be 
more interested in PA. Given the exploratory purpose of this study, this was deemed 
acceptable with the awareness that our findings are not generalizable.

Most survey participants were males (407 respondents). This result seems to be rea-
sonable considering that the vast majority of farmers are male (Istat 2022). Furthermore, 
the average interviewee was 33  years old, lived in Northern Italy (70.91%), had com-
pleted high school (56.05%) (Table 2), and was mainly self-employed (61.57%). Table 2 
and Table  3 provide further information on respondents’ education and employment 
condition. As stated above, respondents’ higher interest in PA may limit sample repre-
sentativeness of the general population working in the agricultural industry.

In detail, 290 respondents (i.e., the abovementioned percentage of interviewers who 
declared to be self-employed, 61.57%) were farmers, while the others were involved in 
different roles and positions in the agribusiness industry.

Respondents’ PA knowledge level was analyzed. As expected, findings confirm the 
limited adoption of PA in Italian farms, with only 116 respondent (35.91%) being users 
or owners of PA technology. Automatic driving devices (e.g., precision automatic steer-
ing motor for agricultural machineries, automatic steering wheel motor, electric steering 
motor torque) are the most widespread PA technologies among respondent farms (82 
interviewees), while only one respondent declaring to use all the presented PA tools (i.e., 
automatic driving, interconnected machines, field data collection, mapping and data 
management, remote sensing, sensors and isobus).

More than half (62.75%) of the sample identified excessive costs as the main barrier 
to PA technology adoption. In addition, they declared they would purchase such tech-
nologies if public incentives and adequate technical support and assistance from resell-
ers would be available. These findings could be linked to the structural characteristics 

Table 2 Respondents’ educational level

Educational level Percentage 
(number of 
respondents)

Primary school 0.21% (1)

Secondary school 13.80% (65)

Some years of high school 9.13% (43)

High school 56.05% (264)

Degree 19.11% (90)

Other 1.70% (8)

Table 3 Professional position among agribusiness

Professional position in the agribusiness Percentage 
(number of 
respondents)

Farmers 61.57% (290)

Consultants 6.79% (32)

Retailers 2.76% (13)

Machineries producers 2.55% (12)

Other roles 26.33% (124)
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of farms (i.e., size). Even though, due to limited resources devoted to this exploratory 
study, farm structure was not considered, the literature largely confirms the role of size 
in explaining the degree of digitalization (e.g., Ali 2012; Jorge-Vázquez et al. 2021).

Furthermore, respondents were asked to state their degree of agreement with and 
importance of a set of statements on various aspects of PA, using a Likert scale ranging 
from 1 (i.e., not very important/I do not agree) to 5 (i.e., very important/I very much 
agree). The replies showed the existence of widespread sensibility and awareness of the 
opportunity to minimize environmental damage, increase quality of agricultural prod-
ucts, allow collection of useful data, support decision making processes, reduce pro-
duction costs and increase income. Table  4 further describes these aspects. In detail, 
respondents were mainly aware about the importance offered by PA to allow the collec-
tion of useful data: 85.13% pointed out this opportunity as important and very impor-
tant. Then, 80.26% identified PA as much and very much able to increase income, while a 
lower percentage of respondents (67.94%) were much and very much convinced that PA 
supports decision making processes. 64.97% of respondents much and very much agreed 
about the opportunity offered by PA adoption to minimize environmental damages and 
64.12% described PA as much and very much able to reduce production cost. Lastly, 
56.47% were much and very much convinced about the capability of PA to increase the 
quality of agricultural products.

Finally, the CE was carried out to better identify purchasing preferences of potential 
buyers in the agricultural sector toward the previously described PA equipment setup. 
Preference elicitation allows estimation of the relative importance of different charac-
teristics of PA machinery, trade-offs between these aspects and the total satisfaction or 
utility that responders derive from this technology. Choice responses (number of obser-
vations = 2826) were initially modeled using multinomial logit (MNL) (McFadden 1974) 
(Table 5), even though a latent class (LC) model was also tested to allow for unobserved 
heterogeneity in preferences (Boxall and Adamowicz 2002; Greene and Hensher 2003; 
Pacifico 2012; Train 2008). While MNL allows simple preference assessment modeling, 
the Independence of Irrelevant Alternatives (IIA) and uncorrelated unobserved error 
over time assumptions determine inability to account for heterogeneity, as preferences 
are considered fixed among all respondents. Using Mixed logit and LC models, on the 
contrary, we can relax the IIA assumption and account for preference heterogeneity.

By means of the program NLogit6®, both base and LC models were estimated. These 
models shared the same linear utility function, which is illustrated as follows:

Table 4 Respondents’ knowledge and awareness about PA—Percentage

Statements about PA: 1 = not very 
important/I do not 
agree (%)

2 (%) 3 (%) 4 (%) 5 = very important/I 
very much agree (%)

Minimizes environmental damages 4.03 7.43 23.57 33.76 31.21

Iincreases quality of agricultural products 3.71 9.77 30.15 34.39 22.08

Allows collection of useful data 0.64 2.76 11.46 26.96 58.17

Supports decision making processes 4.46 7.01 20.59 31.21 36.73

Reduces production costs 1.91 4.25 29.72 33.12 31.00

Increases income 1.06 2.55 16.14 40.98 39.28
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U(xi) = Opt−Out+ β1 · SignificantIncreasei + β2 · LowIncreasei

+ β3 · Electrici + β4 · IndustryLeaderi + β5 · LowEmissionsi

+ β6 ·HighEmissionsi + βprice · PriceiU(xi) = Opt−Out

+ β1 · SignificantIncreasei + β2 · LowIncreasei + β3 · Electrici

+ β4 · IndustryLeaderi + β5 · LowEmissionsi + β6 ·HighEmissionsi
+ βprice · Pricei

  
where Opt-Out = dummy for the “none of these/no choice” option; SignificantIn-
crease = dummy for significant yield increase; LowIncrease = dummy for low yield 
increase; Electric = dummy for Electric energy; IndustryLeader = dummy for industry 
leader brand; LowEmissions = dummy variable for  CO2 low emissions; HighEmis-
sions = dummy variable for  CO2 high emissions; Price = price in €/equipment. The 
mentioned βs coefficients can be considered as the marginal utilities of each attribute 
included in the utility function.

All the coefficients were significant at t+he 95% confidence level (P value), with 
the exception of the electric power attribute. Positive coefficients attached to lead-
ing brand, low emissions and high yields, respectively, suggested preferences for these 
characteristics, which are expected to increase respondent’s utility. The price attrib-
ute coefficient is negative, as expected and postulated by theory, as consumers prefer 
the less expensive alternative ceteris paribus. Similarly, the negative coefficient asso-
ciated with “High emissions” suggests that respondents on average dislike PA equip-
ment inducing high emission intensities.

Table 5 Multinomial logit and latent class models

***Significant at a 95% conf. level; ** Significant at a 90% conf. level

°Willingness to Pay is expressed in thousands € / equipment

Variable MNL Latent Class Model

Class 1 Class 2 Class 3

Coeff. 
(S.E.)

Coeff. 
(S.E.)

WTP° (€000/
equipment)

Coeff. 
(S.E.)

WTP (€000/
equipment)

Coeff. 
(S.E.)

WTP (€000/
equipment)

OptOut -1.23 
(0.13)***

-2.30
(0.18)***

– 3.32 
(0.47)***

– -5.65 
(1.23)***

–

Price -0.03 
(0.00)***

-0.01
(0.00)***

– -0.02 
(0.01)***

– -0.19 
(0.01)***

–

Signifi-
cant yield 
increase

0.16 
(0.06)***

0.03
(0.07)

– 1.07 
(0.21)***

62.96 -2.12 
(1.02)***

-11.40

Low yield 
increase

-0.49 
(0.10)***

-0.96
(0.12)***

-68.94 -1.07 
(0.37)***

-63.10 -2.13
(1.06)***

-11.46

Electric 0.09
(0.09)

0.31
(0.11)***

22.11 1.36 
(0.33)***

80.34 -3.77 
(1.18)***

-20.24

Industry 
leader

0.26 
(0.11)***

0.11
(0.13)

– 1.60 
(0.39)***

94.28 3.36
(2.04)

–

Low emis-
sions

0.22 
(0.06)***

0.22
(0.08)***

15.96 0.45
(0.27)**

26.47 2.04 
(0.32)***

10.98

High emis-
sions

-0.82 
(0.11)***

-0.94
(0.14)***

-67.84 -1.89 
(0.51)***

-111.77 0.36
(1.12)

–

Average 
probability

0.63 0.16 0.21
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To better understand the differences in choice behavior across different respondent 
segments, a LC approach was used to analyze the data, being it based on the assumption 
that attributes of the alternatives can be heterogeneous across groups and homogenous 
within groups. In this study, the LC model allows for categorization of the respondents 
in segments, which enables useful observations to be made about the study population 
even though not been able to make statistical inference.

The estimated LC model assumed that respondents could be categorized into three 
classes, whose unobserved shared characteristics affect choice. In order to identify the 
optimal number of classes, indicator values were calculated. As detailed in Table 6, the 
three-class model showed the highest statistical performance, based on indexes such as 
log-likelihood (LL) function, Akaike information criterion (AIC), Bayesian information 
criterion (BIC), which was used as a guide to the selection of the optimal model (Ruto 
and Garrod 2009), and McFadden pseudo  R2 for different numbers of classes (e.g., Boxal 
and Adamowicz 2002; Ruto and Garrod 2009; Scarpa and Thiene 2005).

While the LC model results confirm the abovementioned MNL finding trends, they 
highlight a differentiated set of preferences among respondents. In fact, each of the three 
classes was characterized by a unique structure of preferences. The first class is repre-
sented by "sustainability seekers". Respondents had 63% probability of membership in 
this class, which groups low yield and high emission-averse participants who trust lead-
ing brands and prefer electric powered equipment and low levels of polluting emissions. 
They could be considered sustainability supporters since they take into consideration the 
opportunity to reach good performances both referring to environmental and socio-eco-
nomic aspects.

The second group includes the "PA best features supporters", with 16% probability of 
membership. In this class all the variables were statistically significant. The estimates 
suggest strong positive effects connected to a leading brand. At the same time, electric 
power, high yields and low emissions increased respondents’ preferences.

The third class grouped the "low emission fans". Respondents had 21% probability of 
membership in this class. Members of this class appreciated average yield levels, pre-
ferred hybrid to electric energy power and demonstrated positive preference for low 
emissions. This group of buyers is associated with lowest WTP levels compared to the 
other 2 groups. In addition, in comparison with the first group they mainly take into 
consideration good performances referred to environmental aspects, while they have 
settled for ordinary socio-economic aspects (Table 7).

The ASC was significant (P < 0.05) and positive for class two, but negative for classes 
one and three, meaning there were preferences toward the ‘none’ option, which could 

Table 6 Latent class models statistics

LC-2 LC-3 LC-4 LC-5

LL −3227.07 −3007.96 −2980.53 −2942.65

AIC 2.296 2.147 2.134 2.114

BIC 2.332 2.202 2.208 2.206

HQIC 2.309 2.167 2.161 2.147

McFadden pseudo  R2 0.18 0.23 0.24 0.25
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not be explained by the variables contained in our model. In addition, the positive sign 
for class two suggests that the mean unobserved effects on utility are positive from 
selecting the “none” option.

Although in a preliminary step we included a number of socio-demographic and 
behavioral variables, we found that these were not generally significant in explaining the 
probability of class membership in the latent class model.

The CE permits us to estimate respondents’ willingness to pay (WTP) for each ana-
lyzed product attribute and each class. The highest WTP is associated with the pres-
ence of a leading brand attribute, precisely class 2 has a willingness to pay € 94,000 for 
PA equipment provided by an “industry leader” brand. Conversely, the lowest monetary 
value is associated with the high emission attribute, implying that a € 112,000 discount 
would be required for Class 2 members to choose the high emission PA setup over 
the moderate emission option. Respondents are also willing to pay positive monetary 
amounts for low emission PA investments. With regard to yield performance, lower pro-
duction results would be preferred to moderate performances only in case of further dis-
counts for all classes (€ 69,000; € 63,000 and € 11,000 respectively).

Conclusions
According to Akhter and Sofi (2022), PA adoption is able to increase both the quan-
tity and quality of production from the crop fields. Moreover, Mizik (2022) described 
the economic benefits and potential environmental benefits of PA. In addition, Yin 
et al. (2021) stated that PA technology improves production by accounting for dynam-
ics within sustainable agricultural systems and ISTAT-CREA (2022) estimated that the 
introduction of precision farming techniques will result in a reduction in pesticide use 
estimated at 25 to 40 percentage. However, in spite of several studies demonstrated the 
importance of PA technology application (Botta et al. 2022; Bouma 2007; Carrer et al. 
2022; Colucci et al. 2022), its adoption is still limited in Italy (Finco et al. 2021). A num-
ber of studies reported a positive but slow trend (Smart Agrifood Observatory 2021). To 
fulfill this gap, the Italian National Recovery and Resilience Plan and other complemen-
tary funds aim at bringing agricultural innovation to the agricultural sector and ensuring 
new levers of competitiveness. In addition, also more recent Italian Budget Laws have 
been trying to support farmers’ investments in PA in order to implement the Guidelines 
for the development of precision agriculture in Italy adopted by Italian Government 
during 2017 (Law N° 33,671-22nd December 2017). Moreover, the upcoming 2023-207 
Common Agricultural Policy (CAP) aims to strengthen the contribution of agriculture 
to the EU’s environmental and climate objectives providing targeted measures to farms 
to support transition to practices such as PA. Understanding potential buyers’ needs is 

Table 7 Main preferences of latent classes

Classes Preferences mainly toward:

Class 1—Sustainability seekers Good performances among both 
socio-economic and environmental 
aspects

Class 2—PA best features supporters Leading brand; electric power

Class 3—Low emission fans Low emissions
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therefore essential to increase PA adoption. In this context, our study aimed to increase 
knowledge of behavior, attitudes and preferences toward PA. Expanding information 
about PA adoption as a purchase choice could support increasing investments in favor of 
sustainability. In addition to this, further knowledge about the main obstacles in adopt-
ing PA could enhance institutional intervention and favor optimal targeting.

As an exploratory empirical study, the goal of this paper is to develop some initial evi-
dence about the factors influencing PA adoption. Even though potential biases in sample 
selection may limit the generalization of the results, these could be considered sug-
gestive and provide information for the design of effective policies to induce potential 
buyers to invest in PA technologies, which can considerably contribute to improve sus-
tainability. Our findings reflect the Italian agricultural industry context, characterized by 
the presence of several farmers with relatively good knowledge of the potential positive 
impacts of PA adoption, in particular in terms of social and environmental sustainability. 
Our study identified the importance of social and professional support in entrepreneur-
ial initiatives to incentivize the adoption of PA, in line with Carli et al. (2017).

Findings gave us the opportunity to discover the main obstacles in PA adoption. In 
fact, results pointed out that the low propensity to buy is strictly linked to the economic 
burden of investments and the scarce support from public administrations. These find-
ings are in line with previous studies (e.g., Demeter 2022; Mitchell et  al. 2018), who 
demonstrated that the major barriers to adoption relate to financial aspects. Our results 
show that high cost is the primary barrier to PA technology adoption. Therefore, any 
policy reducing this burden through incentives and allowances would positively affect 
the adoption decision. In a context where input prices are expected to continue to grow 
due to the general socio-economic trends, a market-based instrument (i.e., an incentive) 
may be crucial to expand PA adoption. Our analysis also indicates that the provision of 
professional support is necessary, and even more important of the reputation that indus-
try leaders have. These findings are in line with a number of previous studies (Erickson 
et al. 2018; Fausti et al. 2018; Kitchen et al. 2002), which observed that the adoption of 
PA technology and the extraction of its value are both dependent on farmers and their 
service providers. In detail, Erickson et al. (2018) identified advisers having knowledge 
about the technologies and the opportunity to have qualified and competent support as 
crucial in deciding to adopt or not PA technologies.

These evidences suggest that information provided explicitly through a well-known 
industry label or by consultants can be considered as valid support in solving asymmet-
ric information problems and convincing potential buyers in purchasing PA equipment. 
In line with the results by Blasch et al. (2021), our study points out the crucial role of 
both information provision and financial support through incentives to influence the 
willingness to adopt PA technologies.

The latent class model results provide practical information for both PA producers and 
retailers to identify market segments and consequently develop marketing strategies to 
maximize PA awareness and promote wider adoption. The three identified classes show 
unique profiles and preferences, and their recognition is necessary to fine tune commu-
nication contents and channels, also through the involvement of different stakeholders, 
such as business leaders, government, and sectoral associations. Still, given the shared 
and widespread concerns over environmental impacts of agricultural activities, industry 
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information campaigns should transversally emphasize the potentially positive role of 
PA.

Our empirical findings could contribute to the decision-making process of PA indus-
tries and service providers strategies and to the formulation of institutional policies 
aimed at the diffusion of PA.

The generalizability of these results is subject to certain limitations. First of all, given 
the different structure of the agricultural industry in other countries and regions, a geo-
graphical extension of the research is desirable. Moreover, the survey was carried out 
prior to the COVID-19 pandemic, whose adaptation strategies have radically changed, 
among other things, also our relationship with technology as individuals and profession-
ally: even in the case of agricultural activities, according to Colussi et  al. (2022), digi-
talization will determine radical industry changes over the upcoming years. However, no 
studies have analyzed so far the impact of the pandemic on farmers’ preferences toward 
PA to serve as a comparison with our study, while several authors are studying the 
potentials of COVID-19 response plans in favor of agricultural digitalization diffusion.

Furthermore, the analysis of actual, rather than potential buyer behavior would sup-
port a better and more complete understanding of their preferences. In addition, future 
studies may replicate our design by extending the model to capture a wider bundle of PA 
purchase attributes. Despite the limitations of our study, we believe our results add use-
ful information to the existing literature on farmers’ preferences toward PA equipment 
adoption.
Acknowledgements
Not applicable.

Author contributions
FM and ST conceived the original research idea, designed the research methods and collected data. FM, ST and MC per-
formed and interpreted the analysis and drafted the manuscript. ST and MC reviewed the final version of the manuscript. 
All authors read and approved the final manuscript.

Funding
This research received no specific grant from any funding agency in the public, commercial, or not-for-profit sectors.

Availability of data and materials
The datasets used and/or analyzed during the current study are available from the corresponding author on reasonable 
request.

Declarations

Competing interests
The authors declare that they have no competing interests.

Received: 23 November 2022   Revised: 24 January 2023   Accepted: 26 February 2023

References
Akhter R, Sofi SA (2022) Precision agriculture using IoT data analytics and machine learning. J King Saud Univ-Comput Inf 

Sci 34(8):5602–5618
Ali J (2012) Factors affecting the adoption of information and communication technologies (ICTs) for farming decisions. J 

Agric Food Inf 13(1):78–96
Aubert BA, Schroeder A, Grimaudo J (2012) IT as enabler of sustainable farming: an empirical analysis of farmers’ adoption 

decision of precision agriculture technology. Decis Support Syst 54:510–520
Balafoutis A, Beck B, Fountas S, Vangeyte J, Van der Wal T, Soto I, Gómez-Barbero M, Barnes A, Eory V (2017) Precision 

agriculture technologies positively contributing to GHG emissions mitigation, farm productivity and economics. 
Sustainability 9(8):1339

Batsell R, Louviere JJ (1991) Experimental analysis of choice. Mark Lett 2(3):199–214. https:// doi. org/ 10. 1007/ BF024 04072

https://doi.org/10.1007/BF02404072


Page 14 of 15Troiano et al. Agricultural and Food Economics           (2023) 11:16 

Belcore E, Angeli S, Colucci E, Musci MA, Aicardi I (2021) Precision agriculture workflow, from data collection to data 
management using FOSS tools: an application in northern Italy vineyard. ISPRS Int J Geo Inf 10(4):236

Blasch J, Vuolo F, Essl L, van der Kroon B (2021) Drivers and barriers influencing the willingness to adopt technologies for 
variable rate application of fertiliser in lower Austria. Agronomy 11(10):1965

Blasch J, van der Kroon B, van Beukering P, Munster R, Fabiani S, Nino P, Vanino S (2022) Farmer preferences for adopting 
precision farming technologies: a case study from Italy. Eur Rev Agric Econ 49(1):33–81

Botta A, Cavallone P, Baglieri L, Colucci G, Tagliavini L, Quaglia G (2022) A review of robots, perception, and tasks in preci-
sion agriculture. Appl Mech 3(3):830–854

Bouma J (2007) Precision agriculture: introduction to the spatial and temporal variability of environmental quality. Ciba 
Foundation Symposium 210-Precision Agriculture Spatial and Temporal Variability of Environmental Quality. John 
Wiley & Sons Ltd, Chichester, pp 5–17

Boxall PC, Adamowicz WL (2002) Understanding heterogeneous preferences in random utility models, a latent class 
approach. Environ Resource Econ 23:421–446

Bucci G, Bentivoglio D, Finco A (2018) Precision agriculture as a driver for sustainable farming systems: state of art in 
literature and research. Calitatea 19(S1):114–121

Carli G, Xhakollari V, Tagliaventi MR (2017) How to model the adoption and perception of precision agriculture technolo-
gies. Precision Agriculture: Technology and Economic Perspectives. Springer, Cham, pp 223–249

Carrer MJ, de Souza Filho HM, Vinholis MDMB, Mozambani CI (2022) Precision agriculture adoption and technical effi-
ciency: an analysis of sugarcane farms in Brazil. Technol Forecast Soc Chang 177:121510

Cisternas I, Velásquez I, Caro A, Rodríguez A (2020) Systematic literature review of implementations of precision agricul-
ture. Comput Electron Agric 176:105626

Colucci G, Botta A, Tagliavini L, Cavallone P, Baglieri L, Quaglia G (2022) Kinematic modeling and motion planning of the 
mobile manipulator Agri. Q for precision agriculture. Machines 10(5):321

Colussi J, Morgan EL, Schnitkey GD, Padula AD (2022) How communication affects the adoption of digital technologies in 
soybean production: a survey in Brazil. Agriculture 12(5):611

Demeter (2022) The farmer’s voice: drivers and barriers to technology adoption. https:// h2020- demet er. eu/ the- farme 
rs- voice- speak ers- confi rmed/

Erickson B, Fausti S, Clay D, Clay S (2018) Knowledge, skills, and abilities in the precision agriculture workforce: an industry 
survey. Nat Sci Educ 47(1):1–11

Fausti S, Erickson B, Clay S, Schumacher L, Clay D, Skouby D (2018) Educator survey: Do institutions provide the precision 
agriculture education needed by agribusiness. J Agribus 36(1):41–63

Finco A, Bucci G, Belletti M, Bentivoglio D (2021) The economic results of investing in precision agriculture in durum 
wheat production: a case study in central Italy. Agronomy 11(8):1520

Giua C, Materia VC, Camanzi L (2022) Smart farming technologies adoption: Which factors play a role in the digital transi-
tion ? Technol Soc 68:101869

Gonzalez-de-Soto M, Emmi L, Benavides C, Garcia I, Gonzalez-de-Santos P (2016) Reducing air pollution with hybrid-
powered robotic tractors for precision agriculture. Biosys Eng 143:79–94

Gonzalez-de-Soto M, Emmi L, Gonzalez-de-Santos P (2018) Hybrid-powered autonomous robots for reducing both fuel 
consumption and pollution in precision agriculture tasks. Agricultural Robots-Fundamentals and Applications

Greene WH, Hensher DA (2003) A latent class model for discrete choice analysis: contrasts with mixed logit. Transp Res B 
Methodol 37(8):681–698. https:// doi. org/ 10. 1016/ S0191- 2615(02) 00046-2

Griffin TW, Shockley JM, Mark TB (2018) Economics of precision farming. Precision agriculture basics, pp 221–230
Hanley N, Wright RE, Adamowicz V (1998) Using choice experiments to value the environment. Environ Resource Econ 

11(3):413–428
Hensher DA (1994) Stated preference analysis of travel choices: the state of practice. Transportation 21(2):107–133. 

https:// doi. org/ 10. 1007/ BF010 98788
ISTAT (2022) 7° Censimento generale dell’agricoltura. Primi risultati. https:// www. istat. it/ it/ archi vio/ 272404
ISTAT-CREA (2022). Italian agriculture does not engage the recovery but can count on extraordinary measures. https:// 

www. istat. it/ en/ archi vio/ 272571
Johnston RJ, Boyle KJ, Adamowicz W, Bennett J, Brouwer R, Cameron TA, Hanemann WM, Hanley N, Ryan M, Scarpa 

R, Tourangeau R (2017) Contemporary guidance for stated preference studies. J Assoc Environ Resour Econ 
4(2):319–405

Jorge-Vázquez J, Chivite-Cebolla MP, Salinas-Ramos F (2021) The digitalization of the european agri-food cooperative sec-
tor. Determining factors to embrace information and communication technologies. Agriculture 11(6):514

Kitchen NR, Snyder CJ, Franzen DW, Wiebold WJ (2002) Educational needs of precision agriculture. Precis Agric 
3(4):341–351

Kleftodimos G, Kyrgiakos LS, Kleisiari C, Tagarakis AC, Bochtis D (2022) Examining farmers’ adoption decisions towards 
precision-agricultural practices in greek dairy cattle farms. Sustainability 14(1):411

Knoll FJ, Czymmek V, Poczihoski S, Holtorf T, Hussmann S (2018) Improving efficiency of organic farming by using a deep 
learning classification approach. Comput Electron Agric 153:347–356

Lee CL, Strong R, Dooley KE (2021) Analyzing precision agriculture adoption across the globe: a systematic review of 
scholarship from 1999–2020. Sustainability 13(18):10295

Li W, Clark B, Taylor JA, Kendall H, Jones G, Li Z, Jin S, Zhao C, Yang G, Shuai C, Cheng X, Chen J, Yang H, Frewer LJ (2020) A 
hybrid modelling approach to understanding adoption of precision agriculture technologies in Chinese cropping 
systems. Comput Electron Agric 172:105305

Liu W, Shao XF, Wu CH, Qiao P (2021) A systematic literature review on applications of information and communication 
technologies and blockchain technologies for precision agriculture development. J Clean Prod 298:126763

Louviere JJ (1991) Experimental choice analysis: introduction and overview. J Bus Res 23(4):291–297. https:// doi. org/ 10. 
1016/ 0148- 2963(91) 90015-P

Louviere JJ, Hensher DA, Swait JD (2000) Stated choice methods: analysis and applications. Cambridge University Press, 
Cambridge

https://h2020-demeter.eu/the-farmers-voice-speakers-confirmed/
https://h2020-demeter.eu/the-farmers-voice-speakers-confirmed/
https://doi.org/10.1016/S0191-2615(02)00046-2
https://doi.org/10.1007/BF01098788
https://www.istat.it/it/archivio/272404
https://www.istat.it/en/archivio/272571
https://www.istat.it/en/archivio/272571
https://doi.org/10.1016/0148-2963(91)90015-P
https://doi.org/10.1016/0148-2963(91)90015-P


Page 15 of 15Troiano et al. Agricultural and Food Economics           (2023) 11:16  

Lowenberg-DeBoer JM, Erickson B (2019) Setting the record straight on precision agriculture adoption. Agron J. https:// 
doi. org/ 10. 2134/ agron j2018. 12. 0779

McFadden D (1974) Conditional logit analysis of qualitative choice behavior. In: Zarembka P (ed) Frontiers in economet-
rics. Academic Press, New York, pp 105–142

Medici M, Pedersen SM, Canavari M, Anken T, Stamatelopoulos P, Tsiropoulos Z, Zotos A, Tohidloo G (2021) A web-tool for 
calculating the economic performance of precision agriculture technology. Comput Electron Agric 181:105930

Medici, M, Pedersen SM, Carli G, Tagliaventi MR (2019) Environmental benefits of precision agriculture adoption. Environ-
mental Benefits of Precision Agriculture Adoption, Food Economy, 637–656.

Mitchell S, Weersink A, Erickson B (2018) Adoption of precision agriculture technologies in Ontario crop production. Can 
J Plant Sci 98(6):1384–1388

Mitchell R, Hutchinson K, Bishop S (2012) Interpretation of the retail brand: an SME perspective. Int J Retail Distrib Manag
Mizik T (2022) How can precision farming work on a small scale? A systematic literature review. Precis Agric 24:384–406
Mogili UR, Deepak BBVL (2018) Review on application of drone systems in precision agriculture. Proc Comput Sci 

133:502–509
Monteleone S, De Moraes EA, Maia RF (2019) Analysis of the variables that affect the intention to adopt Precision Agricul-

ture for smart water management in Agriculture 4.0 context. In 2019 Global IoT Summit, June, (GIoTS), IEEE, 1–6.
Pacifico D (2012) Fitting nonparametric mixed logit models via expectation-maximization algorithm. Stata J 

12(2):284–298
Pallottino F, Biocca M, Nardi P, Figorilli S, Menesatti P, Costa C (2018) Science mapping approach to analyze the research 

evolution on precision agriculture: World, EU and Italian situation. Precis Agric 19(6):1011–1026
Pathak HS, Brown P, Best T (2019) A systematic literature review of the factors affecting the precision agriculture adoption 

process. Precis Agric 20(6):1292–1316
Patrício DI, Rieder R (2018) Computer vision and artificial intelligence in precision agriculture for grain crops: a systematic 

review. Comput Electron Agric 153:69–81
Pedersen SM, Lind KM (eds) (2017) Precision agriculture: technology and economic perspectives. Springer International 

Publishing, Cham, pp 52–53
Perez Dominguez I, Fellmann T, Weiss F, Witzke H, Barreiro Hurle J, Himics M, Jansson T, Salputra G, Leip A (2016) An 

economic assessment of GHG mitigation policy options for EU agriculture (EcAMPA 2). EUR 27973 EN. Luxembourg 
(Luxembourg): Publications Office of the European Union; 2016. JRC101396

Pierpaoli E, Carli G, Pignatti E, Canavari M (2013) Drivers of precision agriculture technologies adoption: a literature review. 
Procedia Technol 8:61–69

Rogers EM (1962/1995) Diffusion of innovations. Free Press, New York
Romanelli TL, Muñoz-Arriola F, Colaço AF (2022) Conceptual framework to integrate economic drivers of decision making 

for technology adoption in agriculture. Eng Proc 9(1):43
Rossi PH, Wright JD, Anderson AB (eds) (2013) Handbook of survey research. Academic Press, Cambridge
Ruto E, Garrod G (2009) Investigating farmers’ preferences for the design of agri-environment schemes: a choice experi-

ment approach. J Environ Plann Manage 52(5):631–647
Scarpa R, Thiene M (2005) Destination choice models for rock climbing in the northeastern alps, a latent-class approach 

based on intensity of preference. Land Econ 81:426–444
Schimmelpfennig D (2018) Crop production costs, profits, and ecosystem stewardship with precision agriculture. J Agric 

Appl Econ 50(1):81–103
Schimmelpfennig D (2016) Farm profits and adoption of precision agriculture (No. 1477-2016-121190)
Silva CB, de Moraes MAFD, Molin JP (2011) Adoption and use of precision agriculture technologies in the sugarcane 

industry of São Paulo state. Brazil Precis Agric 12(1):67–81
Soto Embodas I, Barnes A, Balafoutis A, Beck B, Sanchez Fernandez B, Vangeyte J, Fountas S, Van Der Wal T, Eory V, Gomez 

Barbero M (2019) The contribution of precision agriculture technologies to farm productivity and the mitigation of 
greenhouse gas emissions in the EU, EUR 29320 EN, Publications Office of the European Union, Luxembourg, 2019, 
ISBN 978-92-79-92834-5, doi:https:// doi. org/ 10. 2760/ 016263, JRC112505

Tey YS, Brindal M (2021) A meta-analysis of factors driving the adoption of precision agriculture. Precis Agric 23:1–20
Thompson NM, Bir C, Widmar DA, Mintert JR (2019) Farmer perceptions of precision agriculture technology benefits. J 

Agric Appl Econ 51(1):142–163
Torky M, Hassanein AE (2020) Integrating blockchain and the internet of things in precision agriculture: Analysis, oppor-

tunities, and challenges. Comput Electron Agric 2020:105476
Train K (2008) EM algorithms for nonparametric estimation of mixing distributions. J Choice Model 1(1):40–69
Vaidyanathan R, Aggarwal P (2002) The impact of shopping agents on small business E-commerce strategy. J Small Bus 

Strategy 13(1):62–79
Vecchio Y, De Rosa M, Adinolfi F, Bartoli L, Masi M (2020) Adoption of precision farming tools: a context-related analysis. 

Land Use Policy 94:104481
Whelan B, Taylor J (2013) Precision agriculture for grain production systems. Csiro publishing, Clayton
Yin H, Cao Y, Marelli B, Zeng X, Mason AJ, Cao C (2021) Soil sensors and plant wearables for smart and precision agricul-

ture. Adv Mater 33(20):2007764
Zhao W, Yamada W, Li T, Digman M, Runge T (2021) Augmenting crop detection for precision agriculture with deep visual 

transfer learning—a case study of bale detection. Remote Sens 13(1):23

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.2134/agronj2018.12.0779
https://doi.org/10.2134/agronj2018.12.0779
https://doi.org/10.2760/016263

	Better richer than environmentally friendly? Describing preferences toward and factors affecting precision agriculture adoption in Italy
	Abstract 
	Introduction
	Materials and methods
	Results and discussion
	Conclusions
	Acknowledgements
	References


