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Abstract

:

New plant breeding techniques (NPBTs) are seen as promising and innovative tools to achieve food security and food safety. Biotechnological innovations have great potential to address sustainable food development, and they are expected in the near future to play a critical role in feeding a growing population without exerting added pressure on the environment. There is, however, a considerable debate as to how these new techniques should be regulated and whether some or all of them should fall within the scope of EU legislation on genetically modified organisms (GMOs), despite the product obtained being free from genes foreign to the species. In the EU, the adoption of these methods does not rely only on the scientific community but requires social acceptance and a political process that leads to an improved regulatory framework. In this paper, we present the results of an online survey carried out in Italy with 700 randomly selected participants on consumer attitudes towards food obtained by NPBTs. By applying the decision tree machine learning algorithm J48 to our dataset, we identified significant attributes to predict the main drivers of purchasing such products. A classification model accuracy assessment has also been developed to evaluate the overall performance of the classifier. The result of the model highlighted the role of consumers’ self-perceived knowledge and their trust in the European approval process for NPBT, as well as the need for a detailed label. Our findings may support decision makers and underpin the development of NPBT products in the market.
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1. Introduction


The selection of more efficient and productive varieties is a practice that began with the birth of agriculture itself when farmers chose the best plants from the wild for domestication [1]. For a long time, conventional breeding techniques have been the only methods to improve cultivated plants [2], requiring many generations to achieve the intended results [3]. In the past, the need to increase yields and obtain quality products has usually been addressed with the use of inputs such as chemical fertilizers, pesticides, and irrigation water, in some cases raising environmental concerns [4].



Scientific advances in molecular biology over the past 50 years have contributed to significant progress in plant breeding and the establishment of genetics as a science [5] with a great potential to increase the resilience of food systems and guarantee food security and food safety. Genetic improvement may provide tools able to stabilize yields, increase resistance to biotic or abiotic stresses, increase drought tolerance, reduce adverse effects of climate change, improve nutritional quality, increase shelf life and reduce allergenicity [6]. Despite these advantages, gene editing may cause unintentional implications and genetic errors, and the effect on human health and the environment has still to be proven.



The recombinant DNA technique has been the most innovative method introduced thus far. It has made it possible to insert genes into organisms to encode desirable traits [7], reducing the time required to achieve varieties with improved agronomic and nutritional characteristics [8]. These kinds of organisms have been designated genetically modified organisms (GMOs) and are often considered transgenic cultures because of the introduction of foreign genes [9].



The new genome editing methodologies fall into a broader category of techniques defined as new plant breeding techniques or NPBTs, which have aroused great interest in the scientific community [10,11,12,13,14]. They have been developed to improve the accuracy and speed of breeding [15,16] and to modify existing genes rather than adding genes from other species [17], a technique used in many GMO technologies. According to some experts, this makes it difficult to determine the difference between varieties obtained from NPBT and varieties obtained from conventional breeding since identical point mutations could also occur naturally [18]. The main applications of NPBT are cisgenesis and intragenesis, direct mutagenesis by oligonucleotides, independent DNA and RNA methylation, reverse varietal selection, and agroinfiltration [19].



Notwithstanding the positive opinion of many experts in the field of molecular biology and the interest shown by stakeholders, many policymakers and lobby groups are unconvinced. The differing opinions on safety and related regulatory policies have led to substantial controversy.



Today, European legislation appears to be stringent, generating a debate regarding Directive 2001/18 EC, which categorizes NPBT products as GMOs and, therefore, are subject to a risk assessment to obtain EU authorization [12]. This discourages breeders and biotech companies, which instead pursue possibilities in other countries where plant breeding regulations are less rigorous.



The agricultural biotech industry and connected groups encourage the use of new genetic modification techniques, claiming that they are precise, safe, and controlled and provide us the tools to meet the challenges of environmental overexploitation and climate change.



However, these claims are used to assert that these techniques should be exempted from the EU’s GMO regulations and not subject to safety and traceability rules or GMO labeling since they are essentially traditionally bred varieties. On the other side, environmental groups, food retailers, small farmers, and the organic industry criticize this position, insisting that these techniques are fundamentally different from natural processes and that there may be unintentional negative effects. The issue has, therefore, wide implications for investments in plant breeding and trade in agricultural products [20].



In light of this debate, this research aimed to explore consumers’ opinions and attitudes toward food derived from NPBTs. It reports the results of a survey conducted in Italy in which respondents had the possibility to express their potential intentions to purchase products derived from NPBTs. To this purpose, we have applied a data mining methodology to discover the relation among attributes, applying a classification algorithm (J48) to predict consumers’ behavior.




2. EU Regulation of NPBTs and the Ongoing Debate


The varieties obtained from NPBTs are regulated as GMOs, according to Directive 2001/18 EC [12]. Article 2 defines GMOs as “an organism, except humans, in which the genetic material has been altered in a way that does not occur naturally by mating and/or natural recombination”. The Directive aims to protect human health and the environment [12]. The Directive does not apply directly to approvals for the import and processing of genetically modified food and feed, which are governed by Regulation 1829/2003 (EC 2003a) and are defined as “containing, consisting of or produced from GMOs” [21]. It is worth noting that all food and feed covered by Regulation 1829/2003 are also subject to labeling and traceability requirements (EC 2003b) [22].



European Union decides whether to authorize the release of new varieties based on the scientific opinion of the European Food Safety Authority (EFSA), which assesses plant varieties resulting from genetic techniques based on compositional analysis, molecular characteristics, mode of action of the protein expressed by the newly introduced gene, changes in metabolic pathways, and environmental exposure [23]. The process of obtaining the authorization demands high costs and long waiting times for breeders who instead find more possibilities for growth in other countries. In the European Union, approval of a GM crop costs between 11 and 17 million euros and takes, on average, 6 years [24].



On 25 July 2018, the Court of Justice of the European Union (CJEU), upon the request of the French Council of State, has further confirmed that organisms obtained by mutagenesis are GMOs, therefore subject to the requirements of the EU GMO legislation and the obligations of EU-wide authorization processes, traceability, and labeling rules [25,26]. This judgment discouraged European breeders, scientists, and stakeholders, stirring up debate on how the new techniques should be regulated. The focal point is whether the regulation of NPBTs should be product-based or process-based [2].



There are two main points of view: The first is that of advocates for unregulated use and approval of these techniques, which call for an evidence-based approach to proving an organism’s harm to human health and the environment [27]. On the opposite side are proponents of a regulatory approach, favoring a comprehensive risk evaluation of GMOs. Advocates of this point of view believe that in the absence of scientific data regarding the probability that an organism will cause harm, products should be removed from the market until they are proven safe [28].



On 29 April 2021, the European Commission published a new study on NPBTs based on the opinions of EFSA and main stakeholders in the member countries of the EU. The study reaffirmed that organisms obtained through NPBTs are considered GMOs, but it also expressed concerns about the current legislation, whose lack of definitions or clarity on the meanings of the key terms causes ambiguity. As NPBTs constitute a heterogeneous group of techniques, EFSA has identified some techniques that have no new hazards compared to conventional techniques [13].



The report stressed the need to develop specific risk assessment procedures for NPBTs. Moreover, the study highlighted the possibility that the EU could encounter problems in international trade relations with countries that approve and use the new genetic engineering techniques. It is extremely complex to distinguish varieties of genetic techniques derived from natural or induced mutants, with consequent implications on world trade, such as a substantial decrease in the number of raw materials imported from third countries, on which the European Union and Italy, in particular, rely.



Therefore, in light of the different regulatory frameworks for NPBTs in other countries, such as the United States and Brazil, which do not specifically regulate genome edited crops, the EU could run into commercial limitations and confusion and thus put European stakeholders at a competitive disadvantage [29]. As a consequence, plant breeding companies have stronger motivations to relocate their research to other countries.



The GMO regulatory process is seen as time consuming and very costly, especially for small–medium enterprises (SMEs) that may lack the know-how and the financial power to face this challenge [30].



Furthermore, EFSA confirms that many of the plant products obtained from NPBTs have the potential to contribute to the Sustainable Development Goals through the EU’s Green Deal goals and “Farm to Fork” strategy. The study highlights “the need to make legislation more resilient, future-proof and uniformly applied”. The current European regulatory system on NPBTs still remains unclear in its scope and implementation, ill-suited to the advances of the scientific community regarding rapid developments in genetics and genome editing, and poorly harmonized with equivalent systems.



During the development of the study, the issue of consumer perspective remains the key point to consider, as they remain the most important players in influencing the trajectories of agricultural biotechnology innovation.




3. Research Design and Data Analysis


3.1. Data Collection


An online survey was carried out in Italy from March 2021 to June 2021 and disseminated via social media channels. A snowball sampling technique was used to gather responses to our survey [31]. It was adopted to generate a pool of participants for our study through referrals made by individuals to recruit people who have heard of genetic improvement techniques, although they were not well informed. The final sample size was made up of 700 respondents.



The study was grounded in literature concerning consumers’ attitudes towards food purchasing habits with the aim to further validate previous research and address the research questions. The questionnaire included only closed questions. It consisted of three parts: the first part focused on the socio-demographic profile of the respondents; the second part explored consumers’ food purchasing behavior; the third part addressed the respondents’ acceptance and intention to purchase products derived from new breeding techniques. The surveys provided fundamental information, starting with the definition of new plant breeding techniques. The difference between NPBTs and GMOs was highlighted since, in common perception, the two terms often overlap. Participants were also informed that to date, the cultivation of plants and the marketing of products derived from NPBTs is not allowed in Italy, as well as in most European countries, and as such, the products fall under the regulation of GMOs.




3.2. Socio-demographic Characteristics of the Respondents


The socio-demographic profile of the participants is presented in Table 1. Most of the respondents were women (65%), with 39% of all respondents aged under 25, 38% between 26 and 49, and 23% over 50. The respondents’ average level of education is high: most have a high school degree (42.6%) or a university degree (43%). The respondents’ level of income corresponds to the average distribution of the Italian population: 46.1% have an income between 20,000 € and 50,000 € and 42.3% less than 20,000 €. Considering the country in terms of Northern, Central, and Southern Italy, as conventionally used in official Italian statistics, most of the responses were from southern Italy (77.6%) and a smaller percentage from northern Italy (17%) and central Italy (5.4%).




3.3. Consumers’ Food Purchasing Behaviour


We adopted a 5-point Likert scale (1 = Strongly Disagree, 2 = Disagree, 3 = Uncertain, 4 = Agree, 5 = Strongly Agree) to analyze consumers’ food purchasing behavior and to measure the intensity of respondents’ opinions [32], thereby collecting more detailed information than a dichotomous survey [33]. We proposed some topics of interest to respondent consumers to evaluate to what extent these issues guide consumers’ purchasing choices.



The software Tableau was used to create a graph of the survey results. Tableau provides multiple tools such as analytics, data mining, data visualization, and data infrastructure, allowing the user to visualize a large amount of information [34].



From Figure 1, it is possible to observe the aspects which drive consumer purchasing choices.



The most important aspect for respondents is health qualities of the product (53.6%). Moreover, consumers pay attention to environmental issues. Hence they may be likely to purchase “green” products (44.1%).



The consideration of the process used to obtain the product is more diversified among the respondents. The highest percentage (32.6%) consider this aspect very important or somewhat important (26%), but a relatively high percentage is indifferent to the topic (24.5%).



The importance of the product label is also, in this case, diverse: the respondents seem split between those who pay a lot of attention to the label (29.8%) and those who do not pay particular attention to its content (24%).




3.4. Prediction of Acceptance and Intention to buy NPBTs: A Decision Tree Classification


In recent years there has been a growing interest in the application of artificial intelligence (AI) tools for the identification of regularity phenomena in a set of complex data. Data extraction using specific AI algorithms allow the user to obtain higher levels of information synthesis and to study the possible cause-effect relationships among the available data [35,36]. This highlights the strategic role of some information and the irrelevance of others. This process is known as data mining, which is only one of the phases of a larger interactive process called knowledge discovery in database (Kdd).



Data mining techniques are mainly used to build predictive models for determining the future behavior of some relevant attributes. Classification, one of the major aims of data mining, is used to discover the relationship between the class attribute and other attributes. This knowledge can be utilized to predict the class label, which is not known in advance. The decision tree, a supervised machine learning algorithm, is a multidimensional classification method that is widely adopted for classification purposes [37]. This method predicts class membership by recursively splitting the dataset into smaller subsets for each branch [38] based on the “divide and conquer strategy” often applied in data analysis [39]. This process is then repeated at each node on the branch until a leaf node is reached. The output is a hierarchical decision tree structure where instances are ordered down the tree from the root node to a leaf node, which provides the classification of the instances. Basically, a decision tree defines a set of paths from the root node to the leaf nodes by running a series of tests. Based on information theory approach, the algorithm employs entropy in relation to the information contained in a probability distribution. The goal is to select the attribute that is most useful for classifying instances according to the so-called information gain, a measure that reveals how much information a feature provides about a class. Information gain helps to determine the order of attributes in the nodes of a decision tree [40].



In our study, we adopted decision tree J48, one of the best machine learning algorithms for classification of data [41]. It is an improved version of C4.5 algorithms developed by Quinlan and implemented in Weka, an open-source machine learning software. Weka contains a collection of visualization tools and algorithms for data analysis and predictive modeling, together with graphical user interfaces for easy access to these functions. The software supports several standard data mining tasks, more specifically, data pre-processing, clustering, classification, regression, visualization, and feature selection. In this research, the J48 decision tree has proved to be a suitable method to explore consumers’ attitudes towards NPBT products since it is an exploratory analysis process in which we gather to predict a future outcome. Decision tree is a data mining technique for solving classification and prediction problems. Data mining consists of different methods and algorithms used for discovering knowledge from large datasets.



For this purpose, the classification attribute considered was intention to purchase.



Based on literature analysis [42,43,44,45,46], we have identified a set of attributes that have been included in the database: conditions of purchasing, concerns, barriers, degree of self-perceived knowledge, detailed label, and trust in EU food safety. All the information included in the model is shown in Table 2. For each attribute, the respective items, response count, and response percentage are shown.



Based on our set of attributes, a decision tree was induced to predict the relationship of each attribute to consumers’ intention to purchase. Table 3 shows the main branches of the tree for predicting consumers’ attitudes toward NPBT products. The table reports the decision rules that can be read as a simple IF-THEN statement, consisting of a condition and a prediction. For example: IF the knowledge is high AND the products are perceived as environmentally friendly (condition), THEN the consumer is willing to buy it (prediction).



Data visualization (Figure 2) provides clear information efficiently and in an understandable way.



Weka software applies the conventional 10-fold cross-validation to estimate the skill of a machine learning model to uncover hidden patterns. Often the procedure has a single parameter k that refers to the number of groups into which a provided data sample is to be split. Therefore, it is called k-fold cross-validation. In our case study, we have chosen a specific value for k, i.e., k = 10, becoming 10-fold cross-validation. Cross-validation is a resampling procedure used to evaluate machine learning models on a limited data sample. During this process, the software trains and evaluates 10 subsets to estimate how useful the learned model is for prediction. In Table 3 and in Figure 2, the statistic in brackets summarizes the performance of the classification. The first value is the total number of instances in each leaf. The second value shows the number of instances incorrectly classified in that leaf. When a value of the attribute in a tree is not known, the system splits the case and sends a fraction down each branch. The three important attributes according to the model are: level of self-perceived knowledge, factors affecting purchasing, and detailed label. The “level of self-perceived knowledge” appears as the first splitting attribute in the decision tree, i.e., the attribute that can best discriminate among the others. These are reasonable results, considering the well-established axiom that lack of information can generate skepticism and mistrust towards specific scientific and technological innovations.



The model shows that if the degree of self-perceived knowledge is high, respondents who have an adequate or very good understanding of the issue are willing to buy these products when there is a strong association with specific benefits for human health and for the environment, whereas the price does not seem to be such a relevant driver of motivation to purchase. If the degree of knowledge is low, the model predicts that a detailed label is crucial if it is associated with a collective benefit. This occurs in the presence of a high level of trust in European food safety authorities. Even if there is a lack of knowledge, a detailed label plays an important role, although consumers still seem to be undecided.




3.5. Assessing Classifier Performance


We have used the classification accuracy and confusion matrix in order to analyze how predictive our model is. In the present work, the accuracy is estimated as 94.3%. Classification accuracy by class (Table 4) summarizes the performance of a classification model as the number of correct predictions divided by the total number of predictions. However, using accuracy as a performance measure assumes that the class distribution is known and, more importantly, that the errors of incorrectly classified instances are equal. Accuracy may be particularly problematic as a performance measure when the dataset studied is biased in favor of a majority class [47]. In addition, we have used the statistical metrics Precision (P), Recall (R), and F-Measure (the harmonic mean of precision and recall values, it allows us to evaluate P and R together). Specifically, recall is the ability of a model to find all the relevant cases within a dataset. It is defined as the number of true positives divided by the number of true positives plus the number of false negatives. Precision quantifies the number of positive class predictions that rightfully belong to the positive class. As precision increases, recall decreases and vice-versa. Matthews correlation coefficient (MCC) is a robust metric that summarizes the classifier performance in a single value if positive and negative cases are of equal importance.



In machine learning, performance can also be calculated using the AUC (Area Under the Curve) and ROC (Receiver Operating Characteristics) area to summarize the overall accuracy of the classifier. It takes values from 0, which indicates a perfectly inaccurate classification, to 1, which reflects a perfectly accurate test. The precision–recall curve (PRC) can be interpreted as the relationship between precision and recall (sensitivity) and is considered to be an appropriate measure for unbalanced datasets.



An alternative method to gain better insight into the classification and misclassification distribution is the confusion matrix (Table 5). It contains information about actual and predicted classifications made by a classification system [47]. It shows the correct classification against the predicted classification for each class. The number of correct predictions can be found on the diagonal of the matrix. All other numbers represent the numbers of misclassification errors. Misclassifications occur when the row and column classes of a cell do not match. If the intersection across predicted and actual classes of different levels is empty (or zero), then no misclassification has occurred. In our case, the matrix can be interpreted as 212 instances correctly classified in class “a” (Maybe), 5 instances incorrectly classified in class “b” (Yes), and 0 incorrectly classified in class “c” (No).





4. Results and Discussion


Data analysis has shown how the degree of self-perceived knowledge affects the consumers’ intention to purchase food obtained by NPBTs. Results of the study demonstrate that perceived knowledge is the most relevant driver of people’s risk, benefit, and value perception.



Evidence from previous studies confirms that higher levels of knowledge promote positive acceptance to purchase [48,49], especially when consumers perceive benefits for human health and for the environment, which are issues considered by consumers during their purchasing decisions. This is confirmed by the increasing attention to sustainable food consumption and by people’s awareness of their role and responsibilities towards the environment, individual and public health, habitat and biodiversity, social cohesion, and economy [50]. This consciousness leads to a change in consumer attitudes towards a “green” lifestyle, starting with everyday consumption choices [51].



Our results show that consumers who are familiar with NPBTs are more positive toward and more willing to buy such products, especially in relation to their impact on reducing inputs such as chemical fertilizers and pesticides to mitigate greenhouse gas emissions and improve water use efficiency [52]. Health considerations are also crucial drivers in food purchasing decisions. Respondents who consider themselves informed about genetic techniques would be willing to buy NPBT products if they enhance the food’s nutritional and health benefits. Despite that, in economic literature, price is usually considered one of the main drivers of food consumer behavior [53], in the case of NPBT products, it appears to be not so relevant. Our findings show that consumers do not pay as much attention to economic convenience as they are interested in products with specific characteristics such as health and environmental aspects [54].



However, several studies underline the differences between stated and revealed preferences, finding that consumers tend to overestimate their valuation of a particular good, service, or outcome, which can lead to misleading estimates of relative value [55]. Therefore, in our study, individuals’ stated preferences may not correspond closely to their actual preferences, and this can be considered a drawback of the results obtained.



The model has also revealed that consumers’ concerns about NPBT food products are not seen as a threat to the type made in Italy’s agri-food system, which is strongly linked in local production with certification labels [56].



When consumers’ self-perceived knowledge is low, our model highlights the importance of a detailed label. Hence, a poor self-perceived knowledge does not result in the intention to purchase if not supported by clear and understandable information on the product characteristics [57]. Literature about consumption stresses the key role that the label plays in communicating information about the improved characteristics of novel food and how the food was produced [45]. Consumers’ interest in the characteristics of the process makes label essential to learn more about the new food and how it is derived. This output is in line with the notion that consumers routinely rely on experts in the case of complex decisions, which is an admission of knowledge inadequacy [55].



For this group of respondents, the degree of confidence in EU food security is a discriminating factor: if trust is high, consumers are more confident in buying food derived from agricultural biotechnology. This suggests that if the European food safety authorities approved the diffusion of NPBT products, consumers would feel more comfortable buying them.



The lack of knowledge about agricultural biotechnologies brings out a psychological bias derived from the perceived distance between these products and the conventional ones. Consumers that consider NPBT unfamiliar mistrust and fear these products [58,59,60,61]. Indeed, familiarity with the product usually leads to a different perception of uncertainty. Consumers who are not familiar with a product tend to believe that they are a higher risk [62]. This behavior in food consumption is called neophobia, the reluctance of individuals to try novel food [63], and can also be seen as the averseness toward new methods of production [64,65,66].



Our model shows that this gap in knowledge may be compensated for with a detailed label. Indeed, in an increasingly complex food system, consumers need to have accurate information on the characteristics of the food purchased [67,68]. This is in line with the overall EU regulations on labeling, traceability, and quality assurance systems which offer extensive and accessible information to the consumer [69].



The results of the study highlighted that attitude and acceptance change with knowledge. Therefore, in the framework of consumers’ concerns arises the need for balanced information and the importance of translating science into laymen’s language, which can help informed decisions of consumers.




5. Concluding Remarks


Few studies have investigated the attitude of Italian consumers toward NPBT foods products, and this work tried to contribute to filling this gap in the literature. In this paper, we have used machine learning to classify potential consumers and to acquire efficient information on the attributes that are most important in predicting their behavior towards NPBT products. This study confirms that J48 is a useful tool for the construction of a hierarchical decision support model. The study revealed that consumers are still fearful and uncertain but somehow positive, especially those concerned about the environment and human health. Our study attempted to go beyond a binary “for” or “against” genetic techniques to provide more nuanced data about consumer attitudes that depend on a hierarchy of attributes.



We have seen how the viewpoint of the consumer changes in relation to their level of self-perceived knowledge on the topic. In general terms, being informed greatly reduces the fear and the perception of the risk consumers associate with the product. Knowledge helps consumers understand and, therefore, not reject a priori possibilities that may be advantageous. Mandatory labeling is probably the way to promote consistent decisions. However, current EU regulations do not allow consumers to distinguish NBTs from transgenic products, as the European Court of Justice has ruled that NBTs must fall under the GMO Directive. Policymakers should address advancements in genome editing technologies with proper regulation.



Moreover, there is not an information strategy that may change the trend and empower consumers to deliberately choose among different food options without diffidence. To reverse consumer uncertainty toward NPBT foods, targeted communication campaigns to disseminate their benefits may have major implications for further development and commercialization in the European market. Additionally, a full understanding of the diffusion of NPBT technologies would require further research work. In particular, it would be interesting to analyze the pressure of interest groups in contributing to the social construction of risk.



This study presents some limitations. Firstly, the analysis of the potential willingness to buy intention to purchase new products was carried out in the absence of a real market, hence, stated preference survey responses may not predict actual behavior, leading to hypothetical bias. Future validation of these findings will be possible once NPBT foods are widely available in the EU market. In addition, the sample size is not representative of the overall Italian population, and therefore the quantitative outcomes should not be interpreted as such. However, we have accepted this biased sample since our goal was to survey opinion at an informative level and not for a study of a target population. From our point of view, the outcome does not affect the validity of the results, and they can be accepted because, in this study, consumers’ opinion is generalizable across a population in the same geographical area.



Finally, although online surveys are recognized as valid methods that have quickly gained popularity in research due to their low cost and time savings [70,71], they could present a lack of potential depth and suffer correct guessing.
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Figure 1. Survey results on factors driving consumers’ choice of food. Source: our elaboration with Tableau Software. 
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Figure 2. J48 Graphical representation of decision tree model. 
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Table 1. Demographic distribution of survey participants (number and percentage of responses).
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Gender

	
Male

	
241

	
34.4




	
Female

	
459

	
65.6




	
Age

	
<25

	
275

	
39.3




	
26–49

	
263

	
37.6




	
>50

	
162

	
23.1




	
Residence area

	
South Italy

	
534

	
77.6




	
North Italy

	
119

	
17.0




	
Center Italy

	
38

	
5.4




	
Education

	
Middle school

	
62

	
8.9




	
High school

	
298

	
42.6




	
University degree

	
301

	
43.0




	
Doctorate/maste

	
39

	
5.6




	
Occupation

	
Student

	
287

	
41.0




	
Employment

	
331

	
47.3




	
Unemployment

	
82

	
11.7




	
Income

	
<20,000€

	
296

	
42.3




	
20,000€–50,000€

	
323

	
46.1




	
>50,000€

	
81

	
11.6
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Table 2. Model information.






Table 2. Model information.





	
Attributes

	
Number of Items

	
Items

	
Count

	
%






	
Conditions of purchasing

	
3

	
Useful for human health (enhanced with nutrient attributes)

	
487

	
69.6




	
Lower price compared to the conventional breeding product

	
183

	
21.1




	
Beneficial for environmental sustainability (reduced pesticides, water use and food waste, resistence to pests and diseases)

	
30

	
4.3




	
Consumers’ concerns on NPBT food products

	
4

	
No concerns

	
129

	
18.4




	
Potential risks for human health

	
219

	
31.3




	
Ethical concerns (over exploitation of these techniques)

	
93

	
13.3




	
Potential negative impact on made in Italy conventional food products

	
31

	
4.4




	
Barriers to the diffusion of NPBT products in EU market

	
3

	
Costs of the regulatory adoption

	
286

	
40.9




	
Costs to develop new varieties

	
164

	
23.4




	
Lack of consumers trust in engineering genetic techniques

	
209

	
29.9




	
Level of self-perceived knowledge

	
3

	
High knowledge

	
128

	
18.3




	
Low knowledge

	
499

	
71.3




	
No knowledge

	
69

	
9.9




	
Detailed label for risk mitigation

	
3

	
Important

	
579

	
82.7




	
Not important

	
24

	
3.4




	
Maybe important

	
89

	
12.7




	
Trust in EU food safety authorities

	
3

	
High trust

	
365

	
52.1




	
Medium trust

	
231

	
33.0




	
No trust

	
101

	
14.4
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Table 3. J48 Decision tree model for consumers’ attitude towards NPBT products.
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	Knowledge = LOW



	 | Detailed label = Maybe important: Maybe (27.04/0.04)



	 | Detailed label = Important



	   | Factors affecting purchase = cheaper: Maybe (117.0/6.0)



	   | Factors affecting purchase = environmental_friendly



	      | Trust in EU Food safety = low: Yes (0.0)



	     | Trust in EU Food safety = high: Yes (8.14/2.0)



	       | Trust in EU Food safety = medium: Maybe (5.09/1.09)



	   | Factors affecting purchase = healthier: Maybe (33.0/5.0)



	 | Detailed label = Not important: No (19.03/0.03)



	Knowledge = HIGH



	 | Factors affecting purchase = cheaper: Maybe (33.0/15.0)



	 | Factors affecting purchase = environmental_friendly: Yes (164.66/1.0)



	 | Factors affecting purchase = healthier: Yes (268.0/2.0)



	 | Detailed label = Maybe important: Maybe (3.0/0.0)



	 | Detailed label = Important: Maybe (21.03/0.03)



	 | Detailed label = Not important: No (2.0/0.0)



	Knowledge = NO



	 | Detailed label = Maybe important: Maybe (3.0/0.0)



	 | Detailed label = Important: Maybe (21.03/0.03)



	 | Detailed label = Not important: No (2.0/0.0)
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Table 4. Detailed accuracy by class.
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	TP Rate
	Fp Rate
	Precision
	Recall
	F-Measure
	MCC
	ROC Area
	PRC Area
	Class





	0.977
	0.728
	0.858
	0.977
	0.914
	0.875
	0.959
	0.924
	Maybe



	0.945
	0.020
	0.989
	0.945
	0.966
	0.909
	0.971
	0.963
	Yes



	0.655
	0.000
	1000
	0.655
	0.792
	0.803
	0.803
	0.716
	No



	0.943
	0.036
	0.949
	0.943
	0.943
	0.895
	0.966
	0.941
	Weighted Avg.
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Table 5. Confusion Matrix.






Table 5. Confusion Matrix.











	a
	b
	c
	





	212
	5
	0
	a = Maybe



	25
	430
	0
	b = Yes



	10
	0
	19
	c = No
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