
Vol:.(1234567890)

Precision Agriculture (2024) 25:2292–2320
https://doi.org/10.1007/s11119-024-10167-4

1 3

Farmers’ willingness to adopt precision agricultural 
technologies to reduce mycotoxin contamination in grain: 
evidence from grain farmers in Spain and Lithuania

Enoch Owusu‑Sekyere1,2,3  · Assem Abu Hatab1,4  · Carl‑Johan Lagerkvist1  · 
Manuel Pérez‑Ruiz5  · Egidijus Šarauskis6  · Zita Kriaučiūnienė7  · 
Muhammad Baraa Almoujahed8  · Orly Enrique Apolo‑Apolo8  · 
Abdul Mounem Mouazen8 

Accepted: 10 July 2024 / Published online: 22 July 2024 
© The Author(s) 2024

Abstract
Purpose This study examines the willingness of Spanish and Lithuanian grain farmers 
to adopt a combined approach of preventive site-specific spraying (PSSS) and selective 
harvesting (SH), two precision agricultural technologies (below referred to as PSSS-SH) 
aimed at mitigating the risk of mycotoxin contamination in barley and wheat.
Methods Data were collected from 190 commercial grain farmers using a choice exper-
imental survey. The empirical analysis relied on the estimation of mixed logit and inte-
grated latent class models.
Results The surveyed farmers were heterogeneous in their preference for the PSSS-SH 
technology, with a majority (81%) reporting that they were willing to adopt and pay for the 
PSSS-SH technology. Furthermore, the farmers’ willingness to adopt PSSS-SH technology 
was influenced by the trade-offs between the potential production, economic and environ-
mental changes.
Conclusion Profit maximization is not the only motivation for a farmer’s decision to adopt 
PSSS-SH, there are also important non-financial benefits that align with the observed 
choices. Furthermore, the perceived usefulness of the technology, the willingness and read-
iness to use the technology, and the farmer characteristics (e.g. cooperative membership, 
employment status, share of household income from grain production and past experience 
with precision farming technology) were positively associated with uptake of the PSSS-SH 
technology. Therefore, extension programmes should have a special focus on the perceived 
usefulness of the technology, the willingness and readiness of farmers to use it, and its 
unique characteristics.
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Introduction

In recent decades, precision agriculture has emerged as a modern farming management 
concept that uses a combination of information and communication technologies (ICT) 
and sensing devices to provide real-time data-driven insights to assist farm management 
and support farming decisions (Cisternas et al., 2020; Klerkx & Rose, 2020). Existing 
evidence shows that the adoption of digital agricultural technologies promotes resource 
efficiency, contributes to sustainable agricultural production with higher yields, 
enhances access to markets, promotes value-chain integration and coordination, and 
reduces the environmental footprint of agricultural production (e.g.Deichmann et  al., 
2016; Schimmelpfennig, 2018).

Within the European Union (EU), the mainstreaming of precision agriculture has been 
integral to achieving the targets set out in agricultural and environmental strategies, includ-
ing the European Green Deal and Farm to Fork  Strategy (EU Commission, 2020). The 
promotion of precision and sustainable agricultural practices in the EU, including precision 
agriculture technology (PAT), is expected to foster the production of plant and animal prod-
ucts with enhanced efficiency and a reduced ecological footprint (EU Commission, 2020). 
However, the adoption of precision agricultural technologies among EU farmers presents a 
challenging and “dynamic issue for farmers, extension services, agri-business and policy-
makers” due to a suite of technological, infrastructure, economic, local and environmental 
considerations (EU Commission, 2017). In addition, the uptake of precision agriculture 
technologies (PATs) has been low and varies significantly by the type of technology and 
region (Barnes et al., 2019; Soto et al., 2019), with adoption being highest in north-western 
European countries (Groher et al., 2020; Michels et al., 2020; Paustian & Theuvsen, 2017) 
where farmers have more training in the use of these technologies than in other parts of the 
EU. Despite this, the number of empirical studies that have examined what motivates EU 
farmers to choose PATs and their willingness to pay remains relatively scare (Barnes et al., 
2019) compared to studies in other regions (e.g. Erickson & Widmar, 2015; Kingwell & 
Fuchsbichler, 2011; Miller et al., 2017). For instance, a bibliometric mapping and cluster-
ing of global research output on PATs published from 2000 to 2016 shows that the USA 
and China were the most active knowledge producers, collectively accounting for 35% of 
publications. In contrast, individual European countries had a significantly lower rate of 
publication, with Germany contributing the most at 6.4% of the total research output (Pal-
lottino et al., 2018). This disparity extends to farmers’ adoption of PATs. A recent review 
of the literature on the adoption of fast-spreading PATs (e.g. guidance systems, automatic 
section control and yield monitors) and slow-spreading technologies (e.g. soil mapping, 
variable rate fertilizing and variable rate seeding) revealed that the adoption rate was gen-
erally higher in North America (USA and Canada) than in Europe (Nowak, 2021). For 
instance, the results showed that, on average, 17% more North American farmers adopted 
fast-spreading technologies compared to European farmers (ibid). These disparities can be 
attributed to several factors. In particular, large-scale farming operations in North America 
benefit significantly from precision agriculture, driving strong demand for innovation and 
research. In addition, there is a robust culture of innovation and early technology adoption 
in North America, leading farmers and agribusinesses to be more inclined to adopt new 
technologies, while creating a feedback loop that promotes further research and develop-
ment. Furthermore, the regulatory environment in North America is often more conducive 
to the development and deployment of new agricultural technologies, which in turn leads 
to increased research activity and publication.



2294 Precision Agriculture (2024) 25:2292–2320

1 3

The present study aims to examine the willingness of Spanish and Lithuanian grain 
farmers to adopt and pay for preventive site-specific spraying and selective harvesting 
(PSSS-SH), which is a recently developed PAT that aims to reduce the risk of mycotoxin 
contamination in barley and wheat (Whetton et al., 2018). We focus on Spain and Lithu-
ania because the environmental conditions in these countries favour the growth of fusar-
ium and mycotoxin contamination. The empirical analysis uses data collected in the two 
countries through a choice experimental survey among 190 commercial grain farmers con-
ducted between September 2022 and May 2023.

We contribute to the existing literature on the uptake of precision farming technologies 
in the following ways. First, we account for farm heterogeneities and farmers’ preferences 
in adoption of precision farming technologies. Recent studies show that farmers are hetero-
geneous in their preferences for precision farming technologies (e.g. Blasch et al., 2022; 
Späti et al., 2022). Specifically, we test whether farmers’ preferences for precision farming 
technologies are driven more by farmer- and farm-specific characteristics (structural vari-
ables) or by latent attitudinal and behavioural constructs (measurement variables) based 
on the Theory of Planned Behavior (TPB) (Ajzen, 1991) and the Technology Acceptance 
Model (TAM) (Davis, 1984). We achieve this by employing an integrated latent class 
model, which allows us to incorporate latent constructs into the choice model framework 
without inherent endogeneity bias and measurement error (Mariel et al., 2015).

Furthermore, by examining factors that influence grain farmers’ preferences for specific 
PSSS-SH characteristics and the monetary values attached to the PATs attributes, we iden-
tify policy relevant factors and strategies that could be used to incentivize the uptake of 
innovative and more environmentally friendly technologies. With the perceived potential of 
PATs to simultaneously meet the increasing demand for agri-food commodities and reduce 
the environmental footprint of agricultural production, the findings of this study can con-
tribute to efforts to promote and assess the potential of precision agriculture across Euro-
pean farming systems. An understanding of grain farmers’ preferences and the implicit 
monetary values attached to PATs is important for designing suitable policy support that 
incentivizes the adoption of PSSS-SH technology to reduce the risk of mycotoxin contami-
nation in barley and wheat in the agri-food system.

We provide insight into the balance of benefits from PAT, namely, whether environ-
mental or financial gains drive PSSS-SH technology adoption, or a combination of both. 
In addition, the adoption of a system for the detection of the infield spatial distribution 
of fusarium head blight (FHB) will allow the evaluation of the risk of spatial distribution 
of mycotoxin contamination, which is important information for maximizing output price, 
while minimizing the risk to human health and livestock.

Preventive site‑specific spraying and selective harvesting (PSSS‑SH), 
precision agricultural technologies for reducing mycotoxin 
contamination in grain

Mycotoxin contamination in grains is a significant and long-standing problem in crop pro-
duction that is recognized as an unavoidable risk (USDA, 2022). Fusarium species, particu-
larly F. graminearum and F. culmorum, are the main cause of trichothecene type B, which 
is associated with FHB in cereals. FHB can also cause indirect loss because the fungus 
contaminates grain with potent mycotoxins, especially deoxynivalenol (DON). Mycotoxin 
contamination of grains has been recognized as a global problem due to the toxic effects 
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on humans and livestock, as well as the implications for trade (Gurikar et al., 2023). Myco-
toxins significantly impact food and fodder safety and have significant economic impacts, 
for example, a direct decrease in marketable crop yields, reduced value of contaminated 
products in domestic markets, regulatory rejection of products by high-value markets and 
damage via afflicted livestock, including disease, morbidity, mortality and contamination 
of animal products. Mycotoxins are considered to be the most prevalent food-related health 
risk in EU field crops, including wheat and barley (Moretti et al., 2019). At present, pro-
ducers do not have a validated methodology to determine toxin contamination levels before 
harvesting grain. Current plant-protection solutions to combat FHB in cereal crops include 
the uniform spraying of fungicide with different application occasions and rates, depend-
ing on weather conditions and crop variety. The grain is harvested with combine harvest-
ers and stored in a single storage location without being sorted into different categories 
based on mycotoxin levels. This solution is outdated due to the fact that the degree of FHB 
infection in the field, and consequently the mycotoxin concentration, is spatially and tem-
porally variable and depends on spatially variable factors (e.g. topography, soil attributes, 
crop density and microclimate conditions). A new solution is needed that takes advantage 
of recent advances in digital technology, ICT and automated decision making based on 
sensing, modelling and control.

The available literature on FHB detection in the field is limited, which may be attributed 
to the difficulty of detecting symptoms on ears. The limited studies that have attempted 
to find solutions to FHB detection in the field include Whetton et al. (2018) and Liu et al. 
(2020). Whetton et al. (2018) developed a line scan hyperspectral camera (HSC) system 
mounted on a tractor for in-field real-time FHB detection. Liu et al. (2020) proposed a new 
disease index for monitoring wheat FHB using Sentinel-2 data. However, these solutions 
do not include the mapping of FHB and correlating FHB severity with the DON mycotoxin 
concentration to reduce mycotoxin risk in food and fodder. Hence, a new system for detec-
tion of the infield spatial distribution of FHB and correlating FHB severity with the DON 
mycotoxin concentration would allow for the evaluation of the risk due to the spatial distri-
bution of mycotoxin contamination, which is important information for maximizing yield 
price, while minimizing the risk to human health and livestock.

A new integrated solution based on preventive site-specific spraying and selective har-
vest (PSSS-SH) has been developed to minimize the risk of mycotoxin in food and fod-
der that originates from barley and wheat grain. This integrated solution, which combines 
PSSS and SH, builds on the work of Whetton et al. (2018) to predict and map FHB and 
reduce the risk of mycotoxin in food and fodder. In this integrated approach, HSC is used 
to detect FHB in the field and combines this data with forecasted FHB developments based 
on the synthesis of information on crop density, FHB-related crop indexes, within-canopy 
temperature and humidity, and soil fertility attributes. This information is used to derive 
georeferenced maps that divide study fields in Spain, Lithuania and Belgium into myco-
toxin-contaminated, slightly/moderately-contaminated, and healthy areas.

Depending on the weather conditions, the fields are scanned around 3–4 weeks before 
harvest using the hyperspectral camera on one occasion. The forecasted FHB maps are 
used for PSSS during crop growth to reduce the probability and severity of FHB infestation 
in the cropping season. The predicted FHB and DON maps closer in time to crop harvest 
are used to deploy SH. The recommendation maps for SH are generated based on the pre-
dicted DON levels in the field. This delineation involves a classification into three distinct 
categories: for human consumption (< 1.25 ppm), for feed (1.25–8 ppm), and for bioenergy 
(> 8  ppm). This information is then used for intelligent machine route planning and in-
field logistics with the aim of achieving the SH of grains in the three categories, for food 
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(healthy), for feed (fodder) and for bioenergy (e.g. ethanol). The integrated system enables 
end users to access and download different data layers in addition to recommendations for 
PSSS and combine harvester route planning for SH. The resultant treatment maps are then 
uploaded to precision agriculture compatible fungicide sprayers and combine harvesters.

The PSSS technology helps farmers adjust the dosage of fungicides in response to dis-
ease forecasting models by allowing the application of full dosage where the probability of 
disease infection is higher and a reduced amount where the disease risk is lower (Karimza-
deh et al., 2011). In turn, this enables the optimum use of inputs, reduces the environmen-
tal footprint of agrochemical agents and increases economic profitability. The SH technol-
ogy can categorize the yield into different quality levels and help to deliver the best food 
quality to the market (Harel et al., 2022).

Conceptual framework for integrated model

The conceptual framework (Fig. 1) represents an integrated choice model that combines 
choice and latent variable frameworks. The latent variable component presented in Fig. 1 
captures the latent constructs selected from the TPB (Ajzen, 1991) and TAM (Davis, 
1984). The attitudinal and behavioural constructs pertaining to PAT usage were measured 
based on a number of statements obtained from the literature (e.g. Ajzen, 1991; Davis, 
1989; Ezer et al., 2009; Landmann et al., 2021). TPB and TAM approaches have been used 
in the literature to forecast behaviour and intentions in relation to new technologies, as well 
as the acceptance and use of new technologies in agriculture, including precision farming 
technologies (e.g. Krone et al., 2016; Landmann et al., 2021; Venkatesh & Sykes, 2013; 
Verma & Sinha, 2016; Zeweld et al., 2017). In the present study, we measured behavioural 
control, attitude, subjective norm, perceived usefulness, desire, self-efficacy, farm advisors 
and farmer readiness. In line with TPB, behaviour control, attitude and subjective norm are 
key factors that influence behavioural intention (Ajzen, 1991; Landmann et al., 2021).

Thus, behavioural control reveals the apparent level of ease with which an individual per-
forms a certain act. In the context of PAT usage among grain farmers in Spain and Lithu-
ania, behavioural control reveals the perception of control over the functionality of PAT and 
its uses. Attitude indicates the degree of overall favourability assigned to the PAT from the 
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Fig. 1  Conceptual framework for integrated choice model
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farmer’s perspective. Subjective norm describes the role of societal pressure from the individ-
ual’s network, which influences whether he or she performs a given action or not. In this study, 
subjective norm can be described as the grain farmer’s perception of opinions on PAT usage in 
grain farming among other farmers in his or her societal and farming network (Ajzen, 1991). 
Research on TAM has identified perceived usefulness and ease of use as two key constructs 
that predict technology acceptance (Davis, 1989; Ezer et al., 2009).

Perceived usefulness describes the degree to which a given technology is expected to 
improve a potential user’s performance (Davis, 1989). In the case of PAT for grain farming, a 
farmer may ask how the PAT will improve the farm’s economic outcome, and the environment 
and health. Perceived ease of use is described as the amount of effort needed to effectively use 
the technology (Davis, 1989). For instance, perceived ease of use of PSSS-SH relates to the 
efforts needed by farmers to incorporate the new solution into existing farm equipment (e.g. 
combine harvesters). Both perceived usefulness and perceived ease of use have been used to 
successfully predict older adults’ intention to use robots and ICT in farming (Ezer et al., 2009; 
Ulhaq et al., 2022). In accordance with TPB, desire describes the motivational push for behav-
ioural intention based on the individual’s awareness and acceptance of the desire to act (Davis, 
1984). According to Ajzen (2002) and Cheon et al. (2012), perceived self-efficacy measures 
an individual’s beliefs about his or her own motivation and ability to act in a certain manner, 
such as using PAT in grain farming. Ajzen (2002) and Cheon et al. (2012) indicate that indi-
viduals’ perceptions of the prevailing beliefs among important actors in their social network 
are key determinants of technology acceptance. Cheon et al. (2012) highlight the readiness of 
advisors and other farmers as an important factor in the process of technology acceptance and 
knowledge generation in agriculture.

The choice model framework incorporates farm and farmer characteristics, attitudinal and 
behavioural constructs, attributes of the PSSS and SH and how the adoption of PSSS and 
SH technology affects farmers’ utility. From a theoretical perspective, this model builds on 
a random utility framework. Grain farmers’ utility from using PSSS and SH is assumed to 
be derived from the sum of the utilities associated with each PSSS-SH choice attribute. The 
overall utility can either be financial, non-financial or both (Owusu-Sekyere et  al., 2022). 
Therefore, in this study, the motivation to use or not use PSSS-SH technology depends on 
the expected utility, which can either be economic, non-economic (e.g. decreased GHG emis-
sions) or both. Thompson et al. (2019) indicate that some farmers may look beyond economic 
aspects when making decisions to adopt new technology. Hence, in this study, we also investi-
gate whether farmers obtain utility from the non-financial attributes of the PSSS-SH technol-
ogy (e.g. reduced greenhouse gas emissions). Existing studies show that attitudes and behav-
iour towards precision agricultural technologies (e.g. Adrian et al., 2005; Atkinson & Birch, 
1970; Gollwitzer & Bargh, 1996), psychological factors (Chuang et al., 2020) and perceptions 
of the benefits of precision agriculture technologies (e.g.Adrian et al., 2005; Thompson et al., 
2019) affect farmers’ uptake of precision agriculture technologies. Hence, in the choice frame-
work, attitudinal and behavioural constructs are hypothesized to affect farmer’s choice of a 
given PSSS-SH attribute, and this translates to the utility.
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Material and methods

Empirical analysis

Following the random utility theory (McFadden, 1974), grain farmers’ preferences for PAT 
are assumed to vary based on the attributes of the PSSS-PH technology, and as such can be 
gauged in a utility function. A rational individual would select the alternative that offers the 
highest utility (Lancaster, 1966). The utility obtained by grain farmer k for choosing PAT 
option q in choice scenario s is specified as:

Uqks is the utility obtained by the farmer; ℏ
(

Zqks, Xk, Υk, �
)

 is the observed systematic 
element of the utility function; Zqks is a vector of attributes of the PAT type q; Xk represents 
observed personal and farm characteristics; Υk represents the latent variables relating to atti-
tudinal and behavioural constructs of PAT usage; α is a vector of parameters to be estimated; 
and �qks is the random element of the utility, which is independent and identically distributed.

The latent class model places the sampled grain farmers into distinct classes C and the class 
allocation depends on distinctive utilities �c . The allocation of an individual grain farmer to a 
given class depends on allocated probability, which has a logistic distribution:

Φk, c is the probability of being allocated to class c . The utility of a given class is also a 
function of Xk, which captures the observed farm and farmer characteristics. �C is vector of 
parameters to be estimated and �o a constant for class c. As shown in Eq. 2, the latent variable 
( Υk ) was not included in the function. Only Xk was included, as studies have shown that the 
direct inclusion of behavioural and attitudinal variables in the utility function leads to meas-
urement and endogeneity bias (Daly et al., 2012; Mariel et al., 2015; Paulssen et al., 2014). 
Hence, we use the integrated latent-choice method, which avoids inherent bias from the direct 
inclusion of perception and attitudinal variables in the utility function (Hess, 2012).

We used confirmatory factor analysis to generate eight latent factors: (i) behaviour control 
(ii) attitude (iii) subjective norms (iv) perceived usefulness (v) desire (vi) self-efficacy (vii) 
farm advisors’ readiness (viii) farmer readiness. We chose to incorporate the generated factor 
scores derived for confirmatory factor analysis in the latent class model (Anderson & Gerb-
ing, 1988). In this way, we obtain consistent and improved estimates (Daly et al., 2012). The 
consistent estimates can be obtained using either the limited information criteria (two steps, 
sequentially) or the full information criteria (one-step, simultaneously). In this study, we used 
limited information criteria (two steps, sequentially) because of convergence problems arising 
from multiple integrals (Bahamonde-Birke et al., 2017). For a given behavioural and attitudi-
nal factor j for grain farmer k, we specify the ith factor estimate as:

where tik is a function of Yijk and a vector of parameters ( �);�ijk is a random term with logis-
tic distribution �k;�i measures the impact of the unobserved variable ( Yk ) on the attitudinal 

(1)Uqks = ℏ
(

Zqks,Xk,Υk, �
)

+ �qks

(2)
Φk, c =

exp(�o, c+�CXk)

C
∑

C=1

exp(�o, c+�CXk)

(3)tik = �
(

Yijk, �
)

+ �ijk
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and behavioural factor tik ; and Yk is incorporated in the model via the class-specific allo-
cated probabilities in Eq. 2. We re-specify Eq. 2 to include Yk as:

where �o, �c and �c are parameters to be calculated. The impact of attitudinal and behav-
ioural constructs relating to the PAT, Yk , in elucidating the prospect of grain farmer k fitting 
in a particular class is shown as �c . The influence of the farmer and farm variables on class 
assignment is captured by �c . The impact of attitudinal and behavioural constructs is cap-
tured under the measurement component of the model, and the structural aspect contains 
the impact of the farm and farmer characteristics. The combined log-likelihood equation 
for our integrated latent class model is stated as:

The empirical analysis began with the estimation of conditional logit and mixed logit 
models to determine whether the sampled grain farmers are homogenous or heterogene-
ous in their preferences for PSSS-SH attributes. The estimates from conditional logit and 
mixed logit models revealed that the sampled grain farmers are heterogeneous in their pref-
erence for PSSS-SH.

Definition of variables, attributes and choice design

Table  1 presents the definition of variables and their summary statistics. As shown in 
Table 1, the sampled Spanish grain farmers are about five years older than the Lithuanian 
farmers. In both countries, most of the grain farmers are males. Most of the Lithuanian 
grain farmers have completed an agricultural education on the university level. Spanish 
grain farmers have about seven more years of grain farming experience relative to the Lith-
uanian grain farmers. About 51% of the Lithuanian grain farmers’ household income and 
35% of the Spanish grain farmers’ household income is obtained from grain production. 
On average, Lithuanian grain farmers cultivate 43.82 hectares more than the Spanish grain 
farmers. The wheat yield in tonnes per hectare in Lithuania is about three tonnes higher 
than the yield in Spain. In terms of the use of precision farming technologies, Spanish 
grain farmers have about seven years of experience, whereas Lithuanian grain farmers have 
about six years of experience in using other precision farming technologies, such as drones, 
sensors, smart irrigation and GPS.

Table  2 presents the attributes and attribute levels used in the choice experiment 
design. While no previous study has assessed the economic and environmental impacts 
of PSSS-SH in the context of Spain and Lithuania, the determination of the values of dif-
ferent attributes in Table 2 was done in consultation with local experts from academia and 
other government and non-government stakeholders including grain farmers, agronomists, 
precision farming technology experts and companies. These attributes and their levels 
were explained to respondents in their local language to facilitate understanding. In addi-
tion, this was further refined and validated during the field trials and the pre-test of the 
questionnaire.

(4)
Φk,c =

exp(�o,c+�CXk+�CYijk)

C
∑

C=1

exp(�o,c+�CXk+�CYijk)

(5)LL(�, �,Υ, �, �) =

N
∑

n=1

ln∫
�

(

Pk

8
∏

i=1

Ttik

)

f (�)d�
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Likewise, the six categories of variables listed in Table 2 were selected based on con-
sultations with key informants in each country. We used a random-parameter panel-effi-
cient design to generate two PAT alternatives (A, B), which included a “none” alternative 
(Choice Metrics, 2021). In the design process, which used Ngene software, we used priors 
from the initial pilot survey conducted in Spain (sample size = 29), using a multinomial 
logit model and orthogonal design in the random-parameter panel-efficient design (Choice 
Metrics, 2021). In addition to the D-error efficiency, we used blocking to reduce the num-
ber of choice sets assigned to a respondent. Four blocks were generated, with each block 
containing six choice scenarios. We randomly allocated each respondent to a block. The 
total number of observations of our pooled data is 3,420.

Study area and sampling

The study was conducted in Spain and Lithuania from September 2022 to May 2023. These 
countries were selected because environmental conditions favour the growth fusarium and 
mycotoxin contamination. These countries are far from each other geographically and dif-
fer in climate, production patterns, cropping seasons and farmer characteristics but face 
similar problems with fusarium and mycotoxin contamination. The selection of farmers 
to be included in the study was performed as follows. First, a sample frame consisting of 
grain farmers was obtained from grain producers associations in both countries. In Spain, 
the sample frame was obtained from Agrovegetal SA and Innovative Project for Climate-
Smart Improvement of Maize Cultivation (GO-MaizSostenible). Agrovegetal SA is a pub-
lic–private entity dedicated to the breeding and development of new varieties of extensive 
crops, as well as the production of certified seeds. Its partners include producers, coop-
eratives and the agricultural industry. GO-MaizSostenible consists of grain farmers spread 
across major grain-producing regions in Spain. We were able to connect with 80% of grain 

Table 2  Attributes and attribute levels used in the choice experimental survey

Attribute Attribute levels

Reduction in fungicide application per hectare No reduction
22% less
26% less

Reduction in greenhouse gas (GHGs) No reduction in GHG emission
10% reduction in GHG emission
20% reduction in GHG emission

Increase in yield of wheat/barley (ton/hectare) 0.49 tons per hectare
0.54 tons per hectare
0.59 tons per hectare

Profitability of wheat/barley using SH (%)-through quantitative 
prediction of mycotoxin

5% increase in profit
10% increase in profit
20% increase in profit

Profitability of wheat/barley using PSSS (%)-through data fusion 5% increase in profit
10% increase in profit
20% increase in profit

Additional yearly investment by the farmer (Euro per hectare) €13 per ha
€19 per ha
€25 per ha
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farmers through Agrovegetal and the remaining 20% through GO-MaizSostenible. We ran-
domly selected 129 wheat farmers from a sample frame of wheat farmers. In Lithuania, the 
sample frame for wheat was created from the Lithuanian Grain Growers Union. The Lithu-
anian grain growers union consists of farmers who grow grains such as maize, oat, rye and 
rapeseed. The union represents a majority of grain growers in Lithuania, though there are 
some farmers who are not part of the union. Hence, grain farmers who are not part of the 
union were not included in the study. Specifically, we randomly selected 61 wheat farmers 
from the sample frame in Lithuania. The random selection ensured that each wheat farmer 
in the sample frame had an equal likelihood of being selected. In total, 190 commercial 
wheat farmers were sampled from both countries.

Data collection

The data were collected through face-to-face interviews using a structured questionnaire, 
including a discrete choice experiment. The survey instrument was reviewed and discussed 
with project partners to ensure that all relevant factors were captured. A key informant 
discussion was held online with developers from Ghent University (Belgium), University 
of Seville (Spain) and Vytautas Magnus University (Lithuania) to discuss the attributes 
and the entire questionnaire. The online meeting was held on 19 April 2022 and was led by 
researchers from the Swedish University of Agricultural Sciences, Uppsala, Sweden. A key 
informant discussion was held in Kaunas, Lithuania on 26 August 2022 to discuss the tech-
nologies’ attributes and the survey instrument. The final survey instrument was pretested 
(sample size = 29). The items defining each of the latent factors are included in Table 7 
in the Appendix. The attitudinal and behavioural constructs included were obtained from 
the literature (Landmann et al., 2021; Venkatesh, 2000; Venkatesh & Bala, 2008). How-
ever, the statements were modified to suit the present study. Three MSc students from the 
Department of Applied Economics in Agriculture, University of Seville (Spain), collected 
data in Spain. In Lithuania, two PhD holders and one PhD candidate from the Agronomy 
Department, Vytautas Magnus University Agriculture Academy were involved in the data 
collection.

Empirical results

Mixed logit estimates

The empirical analysis began with the log-likelihood ratio test (LR-test), Akaike informa-
tion criteria (AIC) and Bayesian information criteria (BIC) to test whether the sampled 
grain farmers are heterogeneous or homogenous in their preferences for PAT attributes (see 
Table  8 in Appendix). The LR-test results from conditional logit and mixed logit mod-
els revealed that the sampled grain farmers are not homogenous in their preferences, sug-
gesting that the sampled grain farmers are heterogeneous in their preferences for PSSS-
SH technology. Following the determination of preference heterogeneity, we estimated 
mixed logit models for both countries, and the pooled data and the results are presented in 
Table 3. The mixed logit estimates are presented for both countries and were performed to 
ascertain how preferences for PSSS-SH attributes differ among grain farmers in Spain and 
Lithuania. Expectedly, and in accordance with economic theory, the results of the pooled 
sample show that investment cost for the PSSS-SH is negative and statistically significant 
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(McFadden, 1974). This implies that grain farmers are sensitive to the cost of investing in 
PSSS-SH technology and that a higher investment cost decreases the likelihood that farm-
ers will adopt the technologies.

In terms of the reduction in fungicide application, the results reveal that grain farmers 
have positive and statistically significant preferences for the PSSS-SH if it reduces fun-
gicide application per hectare by 26%, as shown in the pooled sample results in both the 
Lithuanian and Spanish samples. Lithuanian farmers still prefer the PSSS-SH technology 
if it can reduce fungicide application per hectare by 22%. Another interesting result related 
to the reduction in GHG emissions is that grain farmers in both countries have statistically 
significant positive preferences for reduced GHG emissions at 15% and 20%.

A potential increase in grain yield of about 0.59 tonnes per is statistically significant 
in influencing farmers’ decision to adopt the PSSS-SH technology. However, the country 
specific estimates show that only Spanish farmers prefer the 0.59 tonne increment in grain 
yield per hectare, as shown by the statistically significant utility estimate. In terms of prof-
itability, farmers in both countries have statistically significant and positive preferences for 
the technology if SH can lead to a 20% increase in profit through the quantitative predic-
tion of mycotoxin levels. In addition, the results show that farmers in both countries have 
positive and statistically significant preferences for PSSS if it can increase profit by 10% 
to 20%. The statistically significant standard deviation estimates for different levels of the 
attributes confirm the existence of preference heterogeneity among the grain farmers. In 
addition, the statistically significant standard deviations imply that willingness to pay esti-
mates cannot be interpreted as being representative of the entire sample. Hence, we esti-
mated a latent class model to unpack the distinct segments of farmers within the sample, 
which is defined by the technology’s attributes, farm and personal characteristics, and atti-
tudinal and behavioural factors. The results are presented in the next section.

Latent class results

Log-likelihood, AIC and BIC estimates from the latent model show that there are two dis-
tinct segments of grain farmers within the entire sample. Table 4 presents the results for 
the two classes of grain farmers. The class probabilities show that 81% of the grain farmers 
belong to class one and the remaining 19% belong to class two. As expected, and in line 
with mixed logit results, the investment cost variable was negative and statistically signifi-
cant in both classes. This means that the grain farmers are sensitive to the cost of PSSS-SH 
technology and that the higher the cost of investment, the lower the likelihood that grain 
farmers will adopt the technology.

In class one, members attain positive and statistically significantly utility from all attrib-
utes and levels, with the exception of a 10% increase in profit due to the quantitative pre-
diction of mycotoxin levels. However, the utility estimate for the “none” option is negative 
and statistically significant, suggesting that grain farmers in class one obtain negative util-
ity from the status quo option. Given this finding, the utility estimates for all the attribute 
levels (except the 10% increase in profit from SH) of PSSS-SH attributes are positive and 
statistically significant, where class one members are classified as “advocates” of PSSS-SH 
technology.

In class two, members attain positive and statistically significantly utilities from only a 
26% reduction in fungicide application per hectare and a 20% reduction in GHG emissions, 
as well as from the status quo option. The utility estimates for a 22% reduction in fungi-
cide application per hectare, 15% reduction in GHG emissions and 20% increase in profit 
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through the use of PSSS are negative and statistically significant, indicating that members 
of class two have negative preferences for these attribute levels. The class allocation func-
tion estimate is positive and statistically significant at the one percent level, suggesting 
that farmers with higher latent constructs have a greater likelihood of belonging to class 
one than class two. Therefore, the structural and measurement results pertain to class one. 
Based on the class allocation function, class two is set as the reference class. The results in 
Table 5 describe the members of class one.

Structural and measurement variables explaining the sources of grain farmers’ 
heterogeneity

Table 5 presents the structural results for farmer and farm characteristics and measurement 
results relating to the behavioural and attitudinal factors that explain the heterogeneity in 
preferences for PSSS-SH attributes. The variables included in the structural and measure-
ment components helped explain the sources of grain farmers’ heterogeneity (Daly et al., 
2012; Mariel et al., 2015; Owusu-Sekyere et al., 2022). Relative to class two, the structural 
results indicate that grain farmers who prefer PSSS-SH technology are less likely to be 
male, as shown by the negative and statistically significant estimate for the male variable.

The salary employment variable is positive and statistically significant, suggesting that 
grain farmers that have other salary employment in addition to grain farming are more 
likely to adopt PSSS-SH. The cooperative membership variable is positive and statistically 
significant, implying that grain farmers who prefer PSSS-SH technology are more likely to 

Table 5  Hybrid Latent class 
structural and measurement 
component estimates

***, **, * show significance at 1%, 5% &10% levels respectively

Variable Coefficient Z

Structural equations (effect of farmer & 
farm characteristics)

 ϒAge 0.023 1.42
 ϒMale −1.104* −1.78
 ϒAgric_Univ_Edu 0.148 0.28
 ϒSalary employment 1.389* 1.65
 ϒCooperative membership 0.413* 1.89
 ϒFarm size 0.179 1.04
 ϒShare of income from grain 1.066* 1.88
 ϒOrganic system −1.426 −1.39
 ϒPast_PAT_use 0.740** 2.44

Measurement equation (effect of 
attitudinal &social factors)

 ƛt1Perceived_usefulness 0.813*** 2.80
 ƛt2Attitude −0.491 −0.94
 ƛt3Advisor readiness −0.524 −1.33
 ƛt4Farmer readiness 0.313** 2.76
 ƛt5Subjective norm −0.563* −1.65
 ƛt6Self efficacy −0.363 −0.99
 ƛt7Behaviour control −0.209 −0.60
 ƛt8Desire 0.229*** 5.07
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be members of cooperatives. The variable, share of income from grain farming and prior 
usage of other PATs (e.g. variable rate seeding, drones, smart irrigation, etc.) are positive 
and statistically significant, which implies that members of class two are more likely to be 
grain farmers who obtain a higher share of household income from grain production. These 
grain farmers are also more likely to have prior experience with other precision farming 
technologies. For the measurement results, the estimate for the perceived usefulness vari-
able is positive and statistically significant, indicating that grain farmers who prefer the 
PSSS-SH technology are more likely to be associated with higher values of perceived 
usefulness.

Similarly, the estimates for the variables, farmer readiness and desire are positive and 
statistically significant, suggesting that farmers who prefer the PSSS-SH technology are 
more likely to be associated with higher values of farmer readiness and a desire to use 
PSSS-SH technology. On the other hand, the estimate of subjective norm is negative and 
statistically significant, meaning that grain farmers who prefer the PSSS-SH technology 
are less likely to be associated with higher values of subjective norm.

Implicit trade‑offs and monetary valuation of the PSSS‑SH attributes

As shown in Table  6, members of class one, which includes a majority of the sample, 
attach the highest monetary value to the technology’s ability to reduce GHG emissions by 
20% and 10%. This is followed by the technology’s ability to reduce fungicide application 
per hectare by 26%, increase in profit by 20% and 10% with PSSS usage. Members of class 
one are willing to accept a compensation of €111 to choose the status quo alternative.

Members of class two also attach the highest monetary value to the technology’s ability 
to reduce GHG emissions by 20%. This is followed by the technology’s ability to reduce 

Table 6  Implicit trade-offs and monetary valuation of the PAT attributes

NS not significant

Attributes Class 1 (€) Class 2 (€)

Reduction in fungicide application per hectare
 22% less €25.41 €−5.14
 26% less €77.71 €18.81

Reduction in GHG emission
 15% reduction in GHG emission €84.76 €−43.33
 20% reduction in GHG emission €101.88 €40.37

Yield increase
 0.54 tons per hectare €33.71 NS
 0.59 tons per hectare €63.29 NS

Profitability of wheat/barley using SH (%)
 10% increase in profit due to quantitative prediction of mycotoxin NS NS
 20% increase in profit due to quantitative prediction of mycotoxin €50.35 €−52.55

Profitability of wheat/barley using PSSS (%)
 10% increase in profit due to data fusion modelling €74.29 NS
 20% increase in profit due to data fusion modelling €76.76 NS

None €−111.18 €14.99
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fungicide application per hectare by 26%. Unlike class one, class two members attach mon-
etary value to the status quo option. In addition, class two members need a compensation 
to choose 22% reduction in fungicide application per hectare, 15% reduction in GHG emis-
sions and 20% increase in profit due to selective harvesting.

Discussion

We have investigated factors that influence grain farmers’ decisions to adopt precision 
farming technology that combines preventive site-specific spraying and selective harvest-
ing (PSSS-SH). The results show that grain farmers are heterogeneous in their preferences 
for PSSS-SH attributes. The solution grain farmers currently use to protect against FHB is 
the uniform spraying of fungicide on different application occasions and at different rates, 
depending on weather conditions and crop variety. Uniform application of fungicide on 
the entire field is costly, and with the new technology, farmers can minimize the cost of 
spraying. In reviewing the country-specific findings, we find some similarities. Specifi-
cally, both Lithuanian and Spanish grain farmers are interested in the PSSS-SH technol-
ogy’s ability to minimize the quantity of fungicides when applied at a higher amount (i.e. 
26%). Another interesting finding concerned the reduction in GHG emissions. The findings 
indicate that the ability of the PSSS-SH technology to minimize GHG emissions is a fea-
ture of the technology that has a positive influence on farmers’ adoption decisions in both 
countries. In terms of differences, Spanish grain farmers are more concerned with improve-
ments in yield, preferring the PSSS-SH technology’s ability to increase wheat yield by 0.59 
tonnes per hectare. Lithuanian farmers are also interested in using the PSSS-SH technol-
ogy to achieve a lower level of fungicide application per hectare, but Spanish grain farm-
ers have no statistically significant preference for a less ambitious reduction in fungicide 
application.

Based on the integrated latent class findings, two distinct segments of grain farmers 
were identified based on their preferences for different PSSS-SH technology attributes, 
with a majority (81%) expressing a preference for the PSSS-SH technology. The other seg-
ment of farmers (19%) expressed a preference for the status-quo option, which is related 
to their current use of farming technology that does not incorporate PSSS-SH. However, 
farmers in this segment are interested in the ability of PSSS-SH technology to minimize 
GHG emissions and minimize fungicide application to a higher degree. Our findings sug-
gest that the uptake of PSSS-SH technology is influenced by the benefits provided by the 
technology. The utility estimates indicate that the decision of grain farmers to use PSSS-
SH technology in both segments and countries is largely dependent on the technology’s 
ability to improve the environment. We can infer from these findings that maximizing 
financial utilities (i.e. utilities obtained from profit) is not the single motivating factor when 
grain farmers decide whether to use precision farming technologies. There are also impor-
tant non-financial utilities that align with actual observed choices made by grain farmers. 
This is consistent with previous studies by Howley (2015), Owusu-Sekyere et al. (2022) 
and Thompson et al. (2019), who point out that some farmers look beyond economic fac-
tors when making decisions to adopt new technologies. This finding lends support to the 
notion that farmers may have non-financial motivations for adopting precision farming or 
smart farming technologies. One such non-financial motivation could be the reduction of 
greenhouse gas emissions.
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Another important finding has to do with the attitudinal and behavioural constructs 
identified and their effects on the choices made by the grain farmers. Specifically, percep-
tions of the potential usefulness of the PAT may encourage grain farmers to adopt the SH 
and PSSS technology. A farmer’s readiness to incorporate new technology into the existing 
farming system may encourage a grain farmer to adopt the PSSS-SH technology. Enhanc-
ing awareness of these perceived benefits is thus a key for promoting adoption. Prepar-
ing farmers for adoption of this new technology through awareness and knowledge raising 
efforts, as well as through training in the incorporation of the new systems into existing 
combine harvesters, are key measures needed to promote adoption. In this way, we can 
prepare farmers and reduce concerns about technical challenges that farmers expect to 
encounter if they adopt this new technology. This is in accordance with Späti et al. (2022), 
who found that perceived technical failures could discourage farmers from adopting new 
PATs. In addition, the inclusion of the farmers’ desires and their significance is a particu-
larly important aspect of the present study, as the results suggest that there is a certain 
“desire shift” in work-specific usage decisions among the grain farmers included in this 
study (Landmann et  al., 2021). We recommend the introduction of training programmes 
on the use of the technology itself. Specifically, there is a need to raise awareness of the 
technology’s positive financial, health and environmental impacts. By increasing perceived 
usefulness, the readiness and desire to use the technology, and access to technological 
knowledge support, we can increase the likelihood that SH and PSSS technologies will be 
adopted.

The effects of socioeconomic and farm characteristics on PAT decisions are worth con-
sidering. Relative to female farmers, male farmers are less likely to take up a new PAT 
that combines SH and PSSS, suggesting that there are gender disparities in the uptake of 
PSSS-SH technology. Cooperative membership positively correlates with preferences for 
new PAT that combines SH and PSSS. A recent study by Zhang et  al. (2020) supports 
this finding. The authors found a positive association between cooperative membership and 
technology adoption in China. Abebaw and Haile (2013) also found a positive associa-
tion between cooperative membership and technology adoption in Ethiopia, and Coydon 
and Molitor (2011) noted that affiliation with community-based organizations positively 
influences technology adoption. Cooperatives may increase the uptake of SH and PSSS 
technologies by, for example, actively seeking collaborations with external technology pro-
viders and including academic institutes and commercial innovation companies. This find-
ing implies that cooperatives can act as a channel for promoting and accelerating the adop-
tion of PSSS-SH technology in Spain and Lithuania. The adoption of precision agricultural 
technology is also associated with off-farm salary employment. Previous studies (e.g. 
Fernandez-Cornejo et al., 2007; Koundouri et al., 2006) have shown that engagement in 
off-farm activity offers financial resources and incentives that enable the adoption of new 
technologies. Fernandez-Cornejo et al. (2007) further point out that managerially intensive 
technologies, such as PSSS-SH technology, could reduce the time available for off-farm 
activities, resulting in lower off-farm income.

Prior experience with other precision agricultural technologies, such as variable rate 
seeding, drones, smart irrigation and GPS, is associated with a preference for PSSS-SH 
technology. This is not surprising, as technological progress in general, and precision agri-
culture in particular, may be skill-biased and since human capital rises over time, uptake of 
new precision agricultural technology may favour experienced farmers (Weinberg, 2004).

The SH technology can be expanded to other grain harvesting applications, for example, 
the selective harvest of other grains with different qualities (e.g. protein content, starch 
content, other biological damage than DON) over a different zone in a field. The results in 
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this study are applicable to all European countries where wheat and barley are grown on a 
large scale. The results from Lithuania are applicable to the Baltic countries (e.g. Sweden, 
Denmark, Finland, etc.), as they have similar climatic conditions and agricultural systems. 
Furthermore, the results from Spain are applicable to countries (e.g. Greece, Italy, and 
Southern France) with similar climatic conditions and agricultural systems. However, the 
policy implications of this study are based specifically on data from Spain and Lithuania. 
Hence, future research should investigate grain farmers’ willingness to adopt PSSS and SH 
technologies to reduce mycotoxin contamination in grain in comparable countries where 
environmental conditions favour the growth fusarium and mycotoxin contamination. In 
terms of limitations, we acknowledge that the sample size in Lithuania is small compared 
to the Spanish sample. However, we believe that the results presented in this study are 
robust and highly relevant. Additionally, while PSSS and SH technologies were developed 
for wheat and barley, this study focused exclusively on wheat farmers. Therefore, future 
research in Lithuania, Spain and other countries where environmental conditions favour the 
growth fusarium and mycotoxin contamination should expand the sample to include both 
wheat and barley farmers.

Conclusion and policy implications

We conclude that grain farmers’ adoption of PAT that combines PSSS and SH is likely 
to be based on trade-offs between potential changes in farming practices and outcomes, 
and economic and environmental changes. In particular, farmers who are willing to adopt 
PAT have a greater concern for and assign a higher monetary value to the environmental 
benefits (i.e. reduced fungicide application and GHG emissions) offered by the technol-
ogy. We conclude that the grain farmers surveyed are heterogeneous in their preference for 
PSSS-SH technology, with the majority (81%) of farmers willing to adopt and pay for the 
technologies. Another important conclusion is that maximizing financial utilities (i.e. utili-
ties obtained from profit) is not the only motivation for farmers when deciding whether to 
adopt PSSS-SH. There are important non-financial utilities that align with actual observed 
choices made by grain farmers.

Drawing from our empirical findings, several policy recommendations emerge for the pro-
motion of the adoption of SH and PSSS technologies among farmers. First, the results under-
score the need for policymakers to prioritize the implementation of comprehensive strategies 
to encourage farmers to adopt PATs, where it is not only the economic viability of such tech-
nologies (e.g. reduced fungicide application and enhanced crop yields) that should be empha-
sized, but the environmental considerations and reduced ecological impact (e.g. decreased 
GHG emissions). This entails developing integrated support programmes that provide farm-
ers with training, technical assistance, financial incentives and access to the resources they 
need to adopt the technology. These programmes could be designed to reward reductions in 
GHG emissions through the adoption of PSSS-SH technology, or to acknowledge substan-
tial improvements in crop yield. Launching public awareness campaigns highlighting the 
environmental and productivity benefits of PSSS-SH technology could target both farmers 
and consumers, thus emphasizing the role of sustainable agricultural practices in mitigating 
climate change and ensuring higher food quality. Second, designing effective adoption-pro-
moting strategies requires consideration for farmers’ attitudinal and behavioural aspects in 
order to ensure that interventions are designed in a way that resonates with their needs and 
preferences. This requires a better understanding of farmers’ attitudes, beliefs, motivations 
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and perceptions in the adoption of new technologies, as well as recognizing the behavioural 
drivers and barriers that influence their decision-making processes. Third, addressing gender 
disparities in technology uptake will require gender-sensitive interventions to overcome barri-
ers that prevent adoption of PSSS-SH technology among male farmers. Lastly, policymakers 
should recognize cooperatives as key facilitators of technology uptake and consider strategies 
to leverage their influence in promoting the adoption of innovative agricultural practices. This 
may involve providing support and resources to cooperatives to facilitate knowledge-sharing, 
training and access to technology among members, as well as incentivizing the participation 
of cooperatives in technology adoption initiatives through targeted funding opportunities or 
collaborative partnerships. Overall, these policy interventions should contribute to creating 
an environment that supports the widespread adoption of PSSS-SH technology among grain 
farmers, ultimately enhancing agricultural productivity, sustainability and resilience.

Appendix

See Tables 7, 8.
Supplementary equations

1. When faced with different PAT types,Pks , a rational grain farmer k is assumed to 
choose PAT product type q in choice scenario s, if the utility of his or her choice is 
greater than the status quo alternative of no PAT which combines PSSS-SH, m. Thus 
Uqks > Umks;∀r ≠ q,m ∈ Pks.

2. For a given grain farmer k fitting in class c , his or her conditional probability ( �k ) of 
selecting PAT type q from the choice set s is specified as:

where gks captures how grain farmer k orders his or her choices across the choice sets Sq . 
Zqks vector of attributes of PAT types q . Equation (6) takes the form of a multinomial logit 
probability outcome but we fixed one of the scale parameters for identification purposes.

3. The unlimited probability over the order of representative choices made by the grain 
farmers is computed by finding the expected values for every identified class, C as:

4. We employed the ordered logit framework for the attitudinal and behavioural com-
ponents t1 − tr . The probability of a given observed behavioural and attitudinal factor 
tik(k = 1.....y) is specified as:

(6)
�k = Pr(gks

�

C, Zqks) =

Sk
�

s=1

exp(�C Zqks)

L
∑

l=1

exp(�C Zqks)

(7)
�rk = Pr(gks

�

Zqks) =

C
�

c=1

Φk,c

Sk
�

s=1

exp(�C Zqks)

L
∑

l=1

exp(�C Zqks)
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Table 7  Statements defining latent constructs in the measurement model

Statement Response

Perceived usefulness
 1. I am willing to test new farming technologies in my grain production
 2. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread will save 

time
 3. I think using PAT for selective harvesting and detecting Fusarium and mycotoxin spread is 

useful
 4. I believe PAT for selective harvesting and detecting Fusarium and mycotoxin spread would 

be easy to use
 5. I think using PAT for selective harvesting and detecting Fusarium and mycotoxin spread 

would reduce the risk of mycotoxin presence in food and fodders
 6. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread could 

increase sales price
 7. I think using PAT would enable me to detect Fusarium and mycotoxin spread quickly
 8. Being familiar with PAT for selective harvesting and detecting Fusarium and mycotoxin 

spread also enables me to work with other technological innovations
 9. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread could 

increase my farm income
 10. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread is the 

most effective way to control the contamination of cereals on my farm
 11. I think using PAT for selective harvesting and detecting Fusarium and mycotoxin spread is 

much easier than manual sorting of grains
 12. Overall, I think that using PAT for selective harvesting and detecting Fusarium and 

mycotoxin spread is advantageous
Attitude
 1. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread will be 

helpful
 2. I would like grain farming more if I would PAT for selective harvesting and detecting 

Fusarium, and mycotoxin spread
 3. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread is a wise 

idea
 4. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread in my 

grain farming would be a pleasant experience
 5. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread would 

make my grain more attractive
Farm advisors readiness
 1. I think farm advisors and experts would be in favour of using PAT for selective harvesting 

and detecting Fusarium and mycotoxin spread
 2. I think farm advisors and experts would believe that PAT could be a useful tool in grain 

production
 3. I think farm advisors and experts would possess adequate technical skills to use PAT for 

selective harvesting and detecting Fusarium and mycotoxin spread in grain production
 4. I think farm advisors and experts would be willing to recommend the use of PAT for 

selective harvesting and detecting Fusarium and mycotoxin spread in wheat and barley 
production to other grain producers

Farmer readiness
 1. I think other farmers would be in favour of utilising PAT for selective harvesting and 

detecting Fusarium and mycotoxin spread
 2. I think other farmers would believe that PAT for selective harvesting and detecting Fusarium 

and mycotoxin spread could be a useful technology for in their grain farming
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Please indicate your level of agreement or disagreement with the following statements pertaining to the 
use of Precision Agriculture Technology (PAT) for Selective Harvesting (SH) and Preventive Site Specific 
Spraying (PSSS) for detecting Fusarium and mycotoxin spread, on a scale of 0 to 5 (0 = not relevant for me; 
1 = I strongly disagree; 2 = disagree; 3 = neutral; 4 = agree; 5 = I strongly agree).

Table 7  (continued)

Statement Response

 3. I think other farmers would possess adequate technical skills to use PAT for selective 
harvesting and detecting Fusarium and mycotoxin spread in their grain farming

Subjective norm
 1. Stakeholders I am working with think I should integrate PAT for selective harvesting and 

detecting Fusarium and mycotoxin spread
 2. Most people who are important to me would be in favour of using PAT for selective 

harvesting and detecting Fusarium and mycotoxin spread in grain farming
 3. Other farmers in my surrounding think I should take advantage of PAT for selective 

harvesting and detecting Fusarium and mycotoxin spread
 4. People whose opinions are valued to me expect that people like me should use PAT for 

selective harvesting and detecting Fusarium and mycotoxin spread
 5. I think other grain farmers would expect me to have higher willingness to adopt PAT for 

selective harvesting and detecting Fusarium and mycotoxin spread
 6. Generally, it is expected of me to use PAT for selective harvesting and detecting Fusarium 

and mycotoxin spread
Perceived self-efficacy
 1. I am confident about using PAT for selective harvesting and detecting Fusarium and 

mycotoxin spread
 2. Using PAT for selective harvesting and detecting Fusarium and mycotoxin spread would not 

be a challenge for me
 3. I would be comfortable to use PAT for selective harvesting and detecting Fusarium and 

mycotoxin spread
Behavioral control
 1. I think that I have the discipline to learn how to use PAT for selective harvesting and 

detecting Fusarium and mycotoxin spread
 2. I have a sufficient extent of knowledge to use PAT for selective harvesting and detecting 

Fusarium and mycotoxin spread
 3. My own decisions and actions are decisive whether I will use
 4. I have a sufficient extent of control to make a decision to adopt PAT for selective harvesting 

and detecting Fusarium and mycotoxin spread
 5. I have a sufficient extent of self-confidence to make a decision to adopt PAT for selective 

harvesting and detecting Fusarium, mycotoxin and rust spread
Desire
 1. My desire for using PAT for selective harvesting and detecting Fusarium and mycotoxin 

spread can be described as strong
 2. I want to use PAT for selective harvesting and detecting Fusarium and mycotoxin spread
 3. I am planning to use PAT for selective harvesting (SH) and for detecting Fusarium and 

mycotoxin spread
 4. I will increase efforts to use PAT for selective harvesting and detecting Fusarium, and 

mycotoxin spread
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5. The set of computed threshold parameters from Eq.  (4) is signified by 
�i,1, �i,2...�i,G−1 . Each of �i,1, �i,2...�i,G−1 are computed with ancililary parameters 
�i,1, �i,2...�i,(G−1) in that �i,2 = �i,1 + �i,1, �i,3 = �i,2 + �i,2 .... �i,G = �i,G−1 + �i,G−1 and 
�i,G ≥ 0∀G . The ancillary variables are specified such that 𝜂i,1 < 𝜂i,2 < ... < 𝜂i,(G−1).
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Table 8  Log-likelihood ratio 
test, Akaike information criteria 
(AIC), and Bayesian information 
criteria (BIC) Test Results

Test parameters Conditional logit 
(homogeneous 
assumption)

Mixed logit 
(Heterogeneous 
assumption)

Log likelihood −776.48 −632.82
LR  chi2 393.14*** 193.50***
Pseudo-R2 0.16 0.39
AIC 1594.95 1373.64
BIC 1663.03 1548.69
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