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Abstract: This paper set out to explore the precision agriculture (PA)-training needs of students
studying in agricultural universities in the Euro-Mediterranean region (Greece, Italy, Portugal and
Spain). SPARKLE is a Knowledge Alliance Project, funded by the European Union (EU), and one
of its main goals is to narrow the innovation divide between entrepreneurship and the effective
application of sustainable PA. During the project, the research conducted in all countries in the
Euro-Mediterranean region revealed differences in the PA-training needs of university students.
Additionally, this paper set out to explore the socioeconomic characteristics of students that affect
their interest and knowledge towards PA. Finally, this paper aimed to understand the scope, present
status and strategies for improving PA training in agricultural universities in the Euro-Mediterranean
region. The following descriptive statistics and two multivariate analysis techniques were used:
Two-Step Cluster Analysis (TSCA) and Categorical Regression (CATREG). Results support the notion
that the lack of “PA knowledge/interest” adds to the technological gap amongst university students,
slow adoption of PA and lower levels of overall rural economic development. These findings will
be used as the fundamental cognition for the development of a joint action plan and several other
national plans in the selected regions.

Keywords: categorical regression; Euro-Mediterranean; precision agriculture; training needs; two-
step cluster analysis; university students

1. Introduction

Agriculture aims to utilize technology to feed the world, by adopting everything from
self-driving tractors [1] to sensor technology, artificial intelligence [2] and bioengineering.
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The agricultural sector should aim to develop new, innovative and sustainable production
methods to achieve the sustainable development goals (SDGs). Precision agriculture (PA),
has become an indispensable part of the site-specific treatment of agronomic inputs, such
as fertilizers, pesticides and irrigation water, in developed countries [3].

Many definitions have been proposed for PA, but the most commonly used definition
adopted by the International Society of Precision Agriculture is that PA, or precision farming
(PF), is “a management strategy that gathers, processes and analyses temporal-spatial and
individual data and combines it with other information to support management decisions
according to estimated variability for improved resource use efficiency, productivity, quality,
profitability and sustainability of agricultural production”.

PA is a holistic production system that succeeds in costs reduction, quality and quantity
yield improvement and decreasing environmental impacts, while managing spatial and
temporal variability within the field [4–7]. PA is one of the main parts of a reduced-input
agriculture system that aims to achieve higher profitability along with sustainability [8,9].
PA includes technologies that identify variations within the fields and allow farmers to
provide a variable rate of agronomic input instead of a homogenous one [10].

Implementation of PA technologies was at first rapid but later it slowed because
of numerous factors, along with the issues posed by the inability to understand how
to maximize the power of PA [11]. Say et al. [12] reported that along with the United
States (US), which is a leading country, Canada, Australia and some European Union
(EU) countries, have adopted PA technologies. Barnes et al. [13] agree with Say et al. [12],
pointing out that the adoption of PA technologies in the EU is lower than that of the US
or Australia. Moreover, the adoption rate in southeast Europe is slow, considering the
high investment cost, no application of new technologies by farmers, no knowledge of PA
practices and the small size of farms [9]. Recently, a survey by Bramley and Ouzman [14]
mentioned that 60% of EU farmers believed that by 2030 adoption of PA technologies would
be accelerated due to the increased use of sensors, software, and wireless connectivity.

The rate of adoption of PA technologies is slow and it has proven to be a long-
term process [15]. It is essential to understand the factors that motivate farmers and
their perceptions of PA benefits [16]. Tey and Brindal [17] categorized factors influenc-
ing the adoption of PA practices into the following seven groups: Socioeconomic, agro-
ecological, institutional, informational, farmer perception, behavioral and technological fac-
tors. There are many such factors mentioned in the literature, such as high initial investment
costs [5,9,11–13,18,19], high maintenance costs [5,13,18,19], high learning costs [5], agricul-
tural education [9,11–13,19,20], level of current technological adoption [13], complexity of
technology [5,18,19], consultants and advisory services [9,11,12,17,19], uncertainty towards
outcomes [13,18], farmer’s age [6,9,13,17], farm size [6,9,13,17], household income [13] and
soil texture and quality [9,12].

Regarding PA benefits, the literature identified economical [4,8,12,19,21,22], environ-
mental [4,12,19,21–23], social [4,21,22] and technical [4,19,21].

Over the last 20 years, many research and development efforts have been made to
evaluate PA adoption, training, knowledge gaps and future needs in this production
system. In the first two years, Ferguson [24] published an extensive report on a variety of
educational resources for producers and advisors on PA. Heiniger et al. [25] found that
field days and tours were beneficial in showing the use of PA technologies in the field. At
the same time, Kitchen et al. [11] identified the barriers preventing PA adoption and steps
to improve PA educational programs. A few years later, McBratney et al. [20] explored the
future directions of PA and applied a typology to the possibility of some countries adopting
PA. A survey was conducted on the adoption of PA among farmers, advisors, teachers
and industry representatives [4]. Kutter et al. [5] analyzed the importance of farmers’
communication and co-operation in the adoption of PA. The next year, a review of the
factors influencing farmers to adopt or not adopt PA technologies was published [17]. Say
et al. [12] identified the factors that can influence the application of PA in both developed
and developing countries. In the same year, Paustian and Theuvsen [6] presented a wide
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range of farm characteristics and farmer demographics in relation to PA adoption. Later,
Kountios et al. [22] explored the educational needs and attitudes of farmers in Greece
towards PA. A recent study, identified 10 key milestones as the basis for future adoption
efforts regarding PA [26]. Additionally, a literature review was performed recently to
explore all the factors affecting PA adoption [27].

There is no doubt that a lack of knowledge and expertise on PA issues is one of the
main barriers to the successful implementation of PA [20], along with other barriers such as
major capital expenditure, data protection and incompatibility [28]. The rapid growth of PA
has led to the need for farmer and professional agribusiness education [29]. The diffusion
of PA practices is supported by educational programs and is promoted to farmers through
extension services [22]. Therefore, it is crucial for the PA sector to develop a well-qualified
workforce [30]. Educators of PA must keep up with the continuous changes of PA and
properly adjust the education programs. Additionally, they need to provide high-quality
education material, so students can get new abilities and skills [11]. “The more highly
qualified students in PA, the more support they will be able to provide to farmers and
increase the adoption of PA practices,” [30]. Moreover, Pocknee et al. [31] suggest that in the
future, long-distance education programs will be more common. The key to successfully
implementing PA is the improvement of education programs of students and the presence
of advisory services for farmers [4]. Along with training-course improvement, significant
attention should be given to the assessment of training needs [32]. However, it remains
problematic how and if agriculture universities’ course syllabus is nowadays able to train
the educators of PA according to the labor market needs.

The main aim was to classify university students according to their attitudes, training
needs and knowledge/interest towards PA. This study attempted to reveal the differences in
PA training needs between university students in the Euro-Mediterranean region. Secondly,
this study aimed to investigate the socio-economic characteristics of students that affect
their interest and knowledge towards PA. Finally, its goal was to identify the scope, present
status, and strategies for improving PA training in agricultural universities in the Euro-
Mediterranean region. The descriptive statistics method and two multifactorial analysis
techniques, Two-Step Cluster Analysis (TSCA) and Categorical Regression (CATREG) were
used for our investigation.

The remainder of this paper is organized as follows. The material and methods section
describes the research on data collection, the formulation of the questionnaire, validity, and
reliability tests, as well as the methodology followed for data analysis. The next section
presents the results of both the descriptive statistics analysis and multivariate statistical
analysis. Finally, we present the conclusions of the study.

2. Materials and Methods

Our field research stems from the SPARKLE project (Sustainable Precision Agriculture:
Research and Knowledge for Learning how to be an agri-Entrepreneur) between four
partner countries, namely, Greece, Spain, Italy, and Portugal [33]. Data were collected
with purposive sampling with questionnaires from students at a school of Agricultural
Engineering. In the proposal of the SPARKLE project and in the work packages there
were specifications for the research sample in terms of countries, universities, number of
respondents/questionnaires, percentages by gender and percentages by educational level.
The questionnaire designed was common to all countries. The questionnaire was designed
and formatted based on the literature [7,22,30,32,34,35] and consisted of three main sections.
The first section had six questions about the level of knowledge and skills of the students
in PA. The second section consisted of nine questions about the educational gap, training
needs and preferred training method. In the first two sections of the questionnaire, all
questions except one were rated on a 5-point Likert scale. In the third and final section,
there were three demographic questions. The average time required to complete the
questionnaires was approximately 10 min.
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2.1. Data Collection

Figure 1 bellow illustrates the four southern European Mediterranean countries,
namely, Greece, Spain, Portugal and Italy, where the data were collected from students of
school of Agricultural Engineering.
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We implemented the questionnaire in each of the countries listed, and at the universi-
ties listed below:

1. In Greece, 100 students participated in the questionnaire at the following universities:
(a) Aristotle University of Thessaloniki (Faculty of Agriculture, Forestry and Natu-
ral Environment); (b) Alexander Technological Educational Institute of Thessaloniki
(School of Agricultural Technology and of Food and Nutrition Technology); (c) Tech-
nological Educational Institute of Thessaly (School of Agricultural Technology and of
Food and Nutrition Technology).

2. In Italy, 100 students were surveyed, from the University of Florence, Tuscany, Italy.
3. In Portugal, 144 students participated in the questionnaire, in five Higher Education

Institutions: (a) Escola Superior Agrária de Santarém; (b) Universidade de Trás-os-
Montes e Alto Douro; (c) Escola Superior Agrária de Beja; (d) Universidade de Évora;
and e) Escola Superior Agrária de Elvas.

4. In Spain, 192 students were surveyed at the following universities: (a) Universidad
Politécnica de Madrid (UPM); (b) Technical School of Agri-food and Environment;
(c) School of Agriculture Engineering at University of Sevilla; and (d) Universitat
Politécnica de Valéncia.

2.2. Validity and Reliability Tests

The concepts of validity and reliability are important in any study, whether qualitative
or quantitative. Validity represents the degree to which research findings accurately reflect
reality [36]. In this research, three education experts reviewed the questionnaires before
distributing them to the students. Using the typical 5-point Likert scale of agreement,
experts validated each question and statement. When the evaluation of an education expert
was less than 4 then he suggested an alternative formulation of the question. This process
was repeated until an agreement was reached, for each question and each statement, with
an average score greater than or equal to 4.

Reliability is also important in the analysis, especially in the case of the multivariate
statistical analysis [37]. Reliability seeks to minimize the errors and biases of research
instruments such that they consistently produce the same results whenever repeated,
irrespective of the researcher, research conditions or respondents involved [36,38,39]. In
total, 114 variables were analyzed in order to define their relationship with each other and
to identify questionnaires that had to be excluded. To ensure the reliability of this research,
the Cronbach’s alpha test was used to determine the consistency, accuracy, stability, and
objectivity of the research tools. The Cronbach’s α coefficient was found to be 0.944,
indicating a reliable scale. In addition, Friedman’s two-way analysis of variance with
x2 = 2.68 (α = 0.00) and Hotelling T2 = 1.24 (F = 28.12 and α = 0.00) indicated a significant
differentiation of the average values of the data. Initially, 580 questionnaires were collected,
of which 536 were considered valid. The average response rate was 7.6% for the total
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survey sample. It is worth noting that after this step, none of the 536 questionnaires were
rejected from the analysis.

2.3. Data Analysis

This paper includes an interesting innovative methodological mix, employing both
descriptive statistics (frequency, percentage, and mean value) and multivariable analyses
(TSCA and CATREG). In this paper, both summary statistics and multivariate analysis
techniques were performed with Statistical Package for Social Sciences (SPSS). Specifically,
a CATREG model was used to investigate differences in respondents’ familiarity with PA,
and a TSCA model was used to classify students into discernible clusters, with similar
levels of PA knowledge/interest. The selected methodological framework allows for the
identification of students who have different levels of perception and knowledge of PA and
the explanation of the factors that influence these levels.

In more detail, TSCA is used as a tool to handle large datasets and create clusters of
data that would otherwise not be visible [37]. The cluster analysis process involves the
two following stages: the first is to group the observations into small sub-clusters and
the second to treat the new sub-clusters as separate observations. The final number of
clusters can be specified from the beginning or automatically generated by the analysis [40].
Compared to a conventional cluster analysis methods, TSCA is designed for large dataset
analysis, can be applied to continuous and categorical variables and can determine the
optimal number of clusters [41].

According to Van der Kooij and Meulman [42,43], a CATREG model is used to high-
light the possible relationships between students’ familiarity with PA, and a set of inde-
pendent variables. It is a modern regression technique, more holistic and efficient than
the most commonly used models, especially when using both qualitative and quantitative
data [37,44].

3. Results
3.1. Descriptive Statistics Analysis

The first analysis conducted was the descriptive statistics analysis, which outlines
the profile of the sample. From this analysis we can also compare students’ current skills
and future needs in PA, and highlight the most important training needs and the most
efficient training methods. Moreover, we can gage the willingness of students to attend
online courses with payment.

Table 1 provides a short description of the research sample. Greece’s sample was
100 questionnaires constituting 18.7% of the total sample. Italy’s sample was the same as
Greece’s. Spain’s sample was 192 questionnaires constituting 35.8% of the total sample.
Portugal’s sample was 144 questionnaires constituting 26.9% of the total sample. Regarding
the gender of the sample, 60.4% were male while 39.0% were female. The mean value of age
is almost 24 years, while the average standard deviation of the sample was 5.65. Most of
the respondents were undergraduate students, 65.7%, followed by postgraduate students,
31.2%, and finally, PhD candidates with 2.6%.

All students were asked to assess their own knowledge on PA as “small” to “medium”
based on the 5-point Likert scale (1 = none, 5 = very high). They also showed a high level of
consensus on the requirement of learning new skills to use PA. Table 2 shows a comparison
between the current skills/expertise of students and their expected future training needs.
Greek students’ current skills are higher in terms of marketing while Spanish students have
better knowledge of local ecosystems. Portuguese and Italian students’ current skills are
higher in terms of sustainability issues. In addition, the expected educational needs of the
Greeks and Portuguese are in innovation management and the Spanish and Italians are in
sustainability issues.
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Table 1. Description of the sample.

Distribution of the Sample by
Country

Number of
Questionnaires Value

Greece 100 18.7%
Italy 100 18.7%
Spain 192 35.8%

Portugal 144 26.9%

Socioeconomic Characteristics

Male 324 60.4%
Female 209 39.0%

Age (mean value) 23 years and 11 months
Undergraduate students 352 65.7%
Postgraduate students 167 31.2%

PhD candidates 14 2.6%

Table 2. Current skills and future needs in PA.

Skills Current Skills Expected Training Needs
Greece Spain Portugal Italy Greece Spain Portugal Italy

M M M M M M M M
Technological expertise 2.46 2.7 2.78 2.08 3.36 3.93 3.4 3.24

Legislative expertise 1.86 1.79 1.9 1.78 3.27 3.41 3.4 3.02
Local community leadership 2.24 2.03 2.24 1.83 3.28 3.44 3.27 2.91
Business management skills 2.5 2.3 2.33 1.74 3.5 3.56 3.35 2.95

Innovation management 2.47 2.31 2.35 1.79 3.67 3.96 3.42 3.38
Marketing skills 2.67 2.56 2.5 2.01 3.62 3.43 3.23 2.99

Sustainability 2.44 2.92 3.08 2.78 3.57 4.04 3.38 3.55
Local ecosystems 2.39 2.93 2.98 2.72 3.35 3.96 3.4 3.25

M = Mean value, 1 = None, 5 = Very high.

The specification and ranking of training needs per country have great importance.
Table 3 presents the mean value in each country, from which interesting results are obtained.
It can be seen immediately that the ability to choose the right technologies or solutions is a
common training requirement for all countries. Furthermore, low waste production is high
for students from Spain, Portugal and Italy, with mean value 4.38, 4.24 and 4.08, respectively.
Greek and Italian students highlight the need for education in local ecosystems, whereas
Spanish and Portuguese students emphasize the importance of acquiring knowledge about
working with processed data. Finally, Greek students rank the need for training on issues
of solidarity and responsibility for the community as high, with a mean value of 4.11.

Table 3. Most important training needs.

Country Training Needs M

Greece
Knowledge of local ecosystems 4.33

How to choose right technologies or solutions 4.13
Sense of solidarity and responsibility for the community 4.11

Spain
Low waste production 4.38

How to choose right technologies or solutions 4.32
Working with processed data 4.18

Portugal
How to choose right technologies or solutions 4.30

Low waste production 4.24
Working with processed data 4.15

Italy
How to choose right technologies or solutions 4.10

Low waste production 4.08
Knowledge of local ecosystems 4.04

M = Mean value, 1 = Not important, 5 = Very important.
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As shown in Table 4, “Agriculturalist’s visit in farms”, “Field demonstrations” and
“Practical courses/exercise” were ranked higher among training methods, with mean
values of 4.45, 4.27 and 4.27, respectively. The most interactive training methods are ranked
higher in the table, in contrast with the more passive methods, which are lower.

Table 4. Efficiency of training methods.

Training Methods M St.dev.

Agriculturalist’s visit in farms 4.45 0.18
Field demonstrations 4.27 0.37

Practical courses/exercise 4.27 0.12
Educational excursions 4.15 0.12

Farmer’s visits to the agriculturalist’s office 3.89 0.15
Education at the individual level/individual contact 3.81 0.09

Short-term seminars 3.67 0.15
Lectures at physical meetings 3.61 0.23

Agricultural journals 3.60 0.17
Online communication with agriculturalist 3.59 0.21

Creating newsgroups 3.49 0.17
Online courses/e-learning 3.33 0.12

Helpline instructions 3.19 0.07
Articles in newspapers 3.15 0.19
Television broadcasts 3.11 0.30

Information in the form of forms or brochures 2.90 0.17
Broadcasts on radio 2.86 0.12

DVD 2.86 0.36
M = Mean value, St.dev. = Standard deviation, 1 = Not efficient, 5 = Very efficient.

Regarding the appropriate time for training in PA, most of the students considered
it to be before the implementation of the PA, during courses at the university. Table 5
shows the student’s willingness to pay for open online courses (MOOCs) offered by leading
universities and independent educational institutions. Almost half of the Greek, Spanish
and Portuguese students were willing to pay for these courses, with 41%, 42% and 38%,
respectively, whereas 40% of the Italian students, uniquely, expressed neutral willingness.
Finally, unanswered questionnaires were again observed in Portugal and Spain, at 4% and
1%, respectively.

Table 5. Willingness to pay for massive open online courses (MOOCs).

Greece Spain Portugal Italy Average

% % % % %

Extremely unlikely 9.00 6.00 4.00 8.00 6.75
Unlikely 6.00 16.00 17.00 20.00 14.75
Neutral 27.00 29.00 33.00 40.00 32.35
Likely 41.00 42.00 38.00 29.00 37.5

Extremely likely 17.00 6.00 4.00 3.00 7.50
Not answered/I do

not know - 1.00 4.00 - 2.50

3.2. Multivariate Statistical Analysis

The second analysis conducted was the multivariate statistical analysis. CATREG was
used in order to investigate differences in respondents’ familiarity with PA and to highlight
possible relations between PA knowledge/interest and a set of other selected independent
categorical variables. TSCA was used to classify students into discernible clusters, with
similar levels of PA knowledge/interest. Both CATREG and TSCA have been employed to
discover statistical relationships that were not apparent through the descriptive statistical
analysis and to segment the students according to their levels of PA knowledge/interest
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and, thus, to facilitate personalized training tailored to the needs of the students in each
cluster.

Table 6 presents a set of 14 variables used for the creation of the dependent variable of
the CATREG model. Each variable received a value from 1 to 5, where 1 = none and 5 = very
high. Thus, the set of 14 independent variables constitutes a multi-thematic one “Subjective
indicator of familiarity with PA”. In particular, the average scores for each respondent were
used as the numerical values of the dependent variable, “Subjective indicator of familiarity
with PA”. This is a very important variable, created from the data of Table 6, which presents
the level of interest and knowledge of each respondent in sustainable precision-farming
issues.

Table 6. Set of Independent variables of the CATEREG Model.

Level of Knowledge of PA

Level of current technological expertise (knowledge of new technology and equipment)
Level of current legislative expertise (knowledge of laws, regulations and provisions)
Level of current local community leadership (knowledge of opinion leadership/detection of the
influencers in a local community)
Level of current business management skills (do you have skills/expertise in business
management?)
Level of current innovation management (do you have skills/expertise in innovation
management?)
Level of current marketing skills (do you have skills/expertise in marketing?)
Level of current sustainability (knowledge of sustainability issues and circular agriculture)
Level of current local ecosystems (knowledge of local ecosystems)
Level of knowledge of soft PA
Level of knowledge of hard PA
Level of interest of hard PA
Level of interest of soft PA
Level of knowledge of intelligent machinery (precision seeding, section control for sprayers)

Ordinal variables.

Then, to further analyze the above indicator (dependent variable), CATREG was
performed for the total sample (536 questionnaires) to identify how this familiarity was in-
fluenced by a set of respondents’ personal characteristics as well as other variables (Table 7).
Additionally, it yielded a R2 value equal to 0.866, indicating a significant relationship be-
tween the “Subjective indicator of familiarity with PA” and the group of selected predictors
(86.6% of the variance in the “Subjective indicator of familiarity with PA” rankings is
explained by the regression of the optimally transformed variables used). The F statistic
value 3.430 with α = 0.00 indicated a consistently well-performing model.

The relative-importance measures [45] of the independent variables show that the
most influential factors predicting “Subjective familiarity with PA” correspond to socio-
demographic characteristics and, particularly, to the following factors, in a hierarchical
order: (a) country (17.1%); (b) educational level (11.5%); (c) gender (11.0%). Additionally,
the additional significance of the independent variables is estimated at 39.60%.

A better prediction of “Subjective indicator of familiarity with PA” can be derived from
the transformed plots (Figure 2) of the main independent variables that present the higher
relative importance measures (more than 0.100). In these plots, the original category values
are displayed on the x-axis and the obtained category quantifications on the y-axis. The
higher quantification received by the original category, the greater the contribution of this
category in the interpretation of the dependent variable (“Subjective indicator of familiarity
with PA”). The most influential factors predicting the “Subjective indicator of familiarity
with PA” are “Gender” (1 = Male, 2 = Female), “Country” (1 = Greece, 2 = Spain, 3 = Italy
& 4 = Portugal), and “Educational Level” (1 = Undergraduate students, 2 = Postgraduate
students, 3 = PhD candidates). This means that the most familiar students with PA were
the female PhD candidates from Portugal.
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Table 7. Relative Important Measures.

Correlations
Importance

Tolerance

Zero-Order Partial Part
After

Transformation
Before

Transformation

Gender −0.200 −0.209 −0.174 0.110 0.895 0.880
Age 0.146 0.133 0.110 0.052 0.853 0.756

Educational level 0.198 0.216 0.180 0.115 0.873 0.742
Country 0.205 0.273 0.232 0.171 0.695 0.682

Willing to pay for a MOOCs 0.152 0.070 0.057 0.028 0.837 0.842
When do you think is the best time to get

training in PA? −0.067 −0.099 −0.081 0.017 0.938 0.923

PA increases productivity 0.211 0.066 0.054 0.044 0.614 0.591
Life-long learning would be necessary to keep

up with the speed of PA 0.175 0.043 0.035 0.022 0.718 0.624

PA contributes to lower production costs 0.224 0.082 0.067 0.073 0.384 0.478
PA results in improved income 0.162 −0.065 −0.053 −0.040 0.425 0.488

PA requires high investment 0.039 −0.065 −0.053 −0.007 0.766 0.577
PA requires great economic risk 0.045 0.038 0.031 0.005 0.655 0.673

PA primary products are safe 0.152 0.144 0.119 0.062 0.777 0.642
PA primary products are of high nutritional

value 0.091 −0.104 −0.086 −0.031 0.581 0.467

PA protects the environment 0.190 0.087 0.071 0.055 0.537 0.410
PA improves the sustainable management of

land parcels 0.010 0.138 0.114 0.004 0.732 0.741

I prefer conventional farming methods 0.038 −0.152 −0.126 −0.018 0.635 0.565
PA requires relevant information 0.131 0.041 0.034 0.016 0.687 0.502

PA requires relevant education/training 0.104 0.106 0.087 0.031 0.775 0.750
PA requires young age −0.142 −0.196 −0.163 0.081 0.728 0.724

I cannot familiarize myself with PA methods 0.154 −0.172 0.142 0.098 0.448 0.356
Successful examples of other farmers influence

my adoption of PA methods 0.046 −0.114 −0.094 −0.020 0.430 0.353

PA requires innovation from farmers 0.066 0.059 0.048 0.012 0.682 0.704
Business consultants influence my adoption of

PA methods 0.122 0.104 0.085 0.041 0.578 0.592

Government/public incentives influence my
adoption of PA techniques 0.132 0.095 0.078 0.037 0.677 0.658

PA is now necessary 0.132 0.129 0.106 0.048 0.761 0.639
PA would improve my social position 0.041 −0.124 −0.102 −0.015 0.727 0.662

Dependent variable: Subjective indicator of familiarity with PA.

TSCA was applied to classify the sample into different clusters of students and to
investigate the different levels of familiarity with PA. This methodology allows for the
verification or rejection of generalizations of Rogers’ diffusion of innovations theory [46].
The analysis provided the optimal solution of five clusters. Thus, the clusters were formed
as follows:

1. The first cluster included 78 respondents with 15.8%.
2. The second cluster included 114 respondents with 23.1%.
3. The third cluster included 84 respondents with 17.0%.
4. The fourth cluster comprised the majority of respondents, 138, with 27.9%.
5. The fifth cluster included 80 respondents with 16.2%.
6. Finally, 42 respondents were not included in any cluster as they exhibited individual

behavior and were not grouped.

Depending on the predictors of familiarity with PA, it is evident that the first cluster
mainly comprises the “laggards” (mean value of familiarity with PA = 1.94). The second
cluster comprises the “innovators” (mean value of familiarity with PA = 3.10), the third
cluster comprises the “early adopters” (mean value of familiarity with PA = 2.91), the fourth
cluster comprise the “early majority” (mean value of familiarity with PA = 2.44) and the
fifth cluster comprise the “late majority” (mean value of familiarity with PA = 1.99).



Agronomy 2022, 12, 269 10 of 13
Agronomy 2022, 12, x FOR PEER REVIEW 11 of 15 
 

 

 
Figure 2. Transformed plots. 

TSCA was applied to classify the sample into different clusters of students and to 
investigate the different levels of familiarity with PA. This methodology allows for the 
verification or rejection of generalizations of Rogers’ diffusion of innovations theory [46]. 
The analysis provided the optimal solution of five clusters. Thus, the clusters were formed 
as follows: 
1. The first cluster included 78 respondents with 15.8%. 
2. The second cluster included 114 respondents with 23.1%. 
3. The third cluster included 84 respondents with 17.0%. 
4. The fourth cluster comprised the majority of respondents, 138, with 27.9%. 
5. The fifth cluster included 80 respondents with 16.2%. 
6. Finally, 42 respondents were not included in any cluster as they exhibited individual 

behavior and were not grouped. 
Depending on the predictors of familiarity with PA, it is evident that the first cluster 

mainly comprises the “laggards” (mean value of familiarity with PA = 1.94). The second 
cluster comprises the “innovators” (mean value of familiarity with PA = 3.10), the third 
cluster comprises the “early adopters” (mean value of familiarity with PA = 2.91), the 
fourth cluster comprise the “early majority” (mean value of familiarity with PA = 2.44) 
and the fifth cluster comprise the “late majority” (mean value of familiarity with PA = 
1.99). 

Table 8 presents the socioeconomic characteristics and the mean value of familiarity 
with PA of the members of each cluster. The “innovators” are male, postgraduate stu-
dents, from Italy and almost 26 years old. The “early adopters” are male, undergraduate 

Figure 2. Transformed plots.

Table 8 presents the socioeconomic characteristics and the mean value of familiarity
with PA of the members of each cluster. The “innovators” are male, postgraduate students,
from Italy and almost 26 years old. The “early adopters” are male, undergraduate students,
from Portugal and almost 25 years old. The “early majority” are male, undergraduate
students, from Spain and almost 23 years old. The “late majority” are male, undergraduate
students, from Greece and almost 23 years old. The “laggards” are female, undergraduate
students, from Spain and almost 23 years old (Table 8).

Table 8. Students’ characteristics in each cluster.

Variables
“Innovators”

Second Cluster
(23.1%)

“Early Adopters”
Third Cluster

(17.0%)

“Early Majority”
Fourth Cluster

(27.9%)

“Late Majority”
Fifth Cluster

(16.2%)

“Laggards” First
Cluster
(15.8%)

Gender Male Male Male Male Female
Mean age (years) 25.89 24.75 22.90 23.34 22.74

Country Italy Portugal Spain Greece Spain
Education Postgraduate Undergraduate Undergraduate Undergraduate Undergraduate

Familiarity with
PA 3.10 2.91 2.41 1.99 1.94

1 = Not at all, 5 = Extremely.

It is obvious that there is a very strong relationship between “age” and “familiarity
with PA” but also between “country” and “familiarity with PA”. Indeed, older students
from Italy and Portugal are more familiar with the issues of PA.
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4. Conclusions and Discussion

This paper presented an evaluation of the knowledge and skills of students in agricul-
tural universities in Greece, Spain, Portugal and Italy in order to investigate their training
needs in PA. The questionnaires, conducted with the participation of students of various
universities in these 4 countries, provide detailed insights on the opinions from the perspec-
tive of a university students in the field of agriculture. Students from all countries seem
to think that they are undertrained in PA skills. Moreover, almost all survey participants
showed a high level of consensus on the requirement of learning new skills in order to
adopt PA, especially in agronomic and technological skills. According to data analysis, the
most important problem highlighted by students is “Choosing the right technologies or
solutions”. The research presents and proposes some knowledge-sharing mechanisms and
training methods to tackle problems and to design effective and efficient teaching material.
It is also noted that almost half of the Greek, Portuguese and Spanish students are willing
to pay for MOOCs online courses. In addition, the results showed that the preferred time
for PA training is “during university courses”, that is, prior to its implementation.

The multivariate statistical analysis carried out provided an opportunity to discover
statistical relationships that were not apparent through the descriptive statistical analysis
conducted initially. For this purpose, a new variable, “Subjective indicator of familiarity
with PA”, was created, which acted as the dependent variable in the analysis of multiple
independent variables. A CATREG model was used to analyze the characteristics of this
new significant variable. According to the model, the most important variables predicting
the “Subjective indicator of familiarity with PA” are “gender”, “country” and “educational
level”. Through analysis, it was found that women, PhD candidates from Portugal, are the
most familiar with PA (having a very strong statistical relationship) in terms of knowledge
and interest. Results of the TSCA support the generalizations of Rogers’ diffusion of
innovation theory [46,47]. In particular, TSCA creates 5 clusters for which the characteristics
are presented above. It also emphasizes a strong relationship between “age”, “country”
and “familiarity with PA”.

Through the results of the research, we propose the creation of separate training
programs for each cluster created. Otherwise, the generalized and shared education of all
groups of students remains untargeted to the specific needs of each group, providing little
benefit in their comprehensive training. In fact, data analysis clarifies the specific training
needs of each cluster that the training material should focus on. The main results of this
paper can be correlated with those of Saleh and Man [32]. They can also be compared
the studies by Kountios et al. [22], who recognized the low level of familiarity of students
with PA and the importance of intensifying education in order to promote PA adoption.
Due to the observed interest of the students in PA, it appears that the curricula of the
departments of agriculture should be improved and capability of graduates working in
the science of PA should be increased. Adding courses related to PA either through its
technology practices or through current legislation is necessary to promote all the relevant
knowledge before it can be applied. In addition, it is suggested that courses added at the
undergraduate, postgraduate and PhD level should include both theoretical and practical
elements, so that students better understand their working environment and the needs
of farmers. Additionally, specialized seminars can be used as a form of training whereby
useful skills that offer new business opportunities in the future can be acquired.

Due to the continuous development of technology and the agricultural economy, PA
is constantly evolving. This means that all universities should be fully aware of these
changes to be able to adapt their curricula and integrate improvements in technology,
communications, applicable law and science in general. In addition, through the education
of students, farmers will benefit indirectly, as the more qualified students will become the
future agriculturalists who will advise and support them in making decisions about their
farms. Thus, it is equally important for students to acquire educational and entrepreneurial
skills to assist in the smooth transition of farmers to digital farming and the use of PA
technologies.
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